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Abstract 
Quasi-steady (QS) theory is a commonly-used tool in wind engineering for the assessment of 
wind loads on structures induced by large-scale gusts. However, the QS-based approach 
tends to underestimate peak loads significantly since it fails to capture the effects of small-
scale and body-generated turbulence. The objective of this thesis is to develop a method to 
estimate peak wind loads on low-rise roofs based on a partial-turbulence approach, i.e., using 
the QS vector model for loads induced by large-scale fluctuations from the incident flow, and 
a separate statistical model to account for the effects due to body-generated turbulence.  
Wind tunnel tests have been conducted for four 1:50 scaled low-rise building models with 
gable and hip roofs. Roof slopes range from 5:12 to 12:12. Data of similar tests on a flat roof 
model conducted by Wu and Kopp (2016) is taken for comparison. It is found that the 
smallest scale that QS vector models can reach is about 5H (H denotes the mean roof height) 
in length, while the largest scale affected by the body-generated turbulence can be up to 30H. 
The performance of QS vector models is found to be better on flat roofs than sloped roofs, 
and is closely related to the type of aerodynamics at different locations. Specifically, it is 
found to work reasonably well in regions of flow separation, but less well for flow 
reattachment and positive pressure zones on the windward faces of the 12:12 sloped roofs.  
A statistical model has been developed to account for the pressure component induced by the 
body-generated turbulence, 𝑝𝑙𝑜𝑐𝑎𝑙, which is found to be dependent on both nominal wind 
directions and terrain conditions, and the differences can be minimized by normalizing it 
with the turbulence kinetic energy and the Quasi-Steady pressure coefficients. The final 
model takes the form of a 3-parameter T-scale distribution. It is valid for panels that are 
governed by suction loads due to flow separation and can work across roof shapes and 
terrains. By combining this model with the QS vector model, a method is developed to 
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Summary for Lay Audience 
Severe wind storms have caused significant losses in North America, because it is a major 
source of damage for low-rise structures. The traditional methods of estimating peak wind-
induced loads on structures are generally through wind tunnel tests, which are effective for 
wind profiles of the atmospheric boundary layer, but meet difficulty when dealing with 
storms with rapidly-changing directions, for example, tornadoes and downbursts.  
In this thesis, a prediction model has been developed to estimate peak wind-induced 
pressures on low-rise roofs, from the wind velocity data measured at an upstream location. 
The results indicate that this model provides reasonably good predictions for the uplift of 
gable and hip roofs, as well as relatively large area-averaged roof panels that subject to 
severe suction forces. Theoretically, this model is applicable for wind fields with rapidly-
changing directions, and can be a potential solution to assess extreme loads from tornadoes 
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Chapter 1  
1 Introduction 
1.1 Background  
The aerodynamic forces on low-rise buildings depend on the turbulence conditions of the 
incident flow. The effects involve two basic mechanisms, with respect to the turbulence 
length scale: (i) “Buffeting” forces arise from low-frequency fluctuations or gusts in the 
incident flow with length scales exceeding the building dimensions. Such gusts act like 
changes in the mean wind speed and direction, which control the overall magnitude of the 
aerodynamic loads. (ii) The small-scale turbulence from the incident flow affects the load 
coefficients through a complex interaction with locally generated flow features. These 
scales control the details of the flow field around the body, including flow separation, 
shear layer development, vortex generation, and flow reattachment, and, hence, the 
aerodynamic load coefficients (e.g., Bearman, 1978; Bearman and Morel, 1983; 
Tieleman, 2003).  
To obtain accurate results in wind tunnel tests, it is necessary to match the full range of 
turbulence scales. In a traditional experiment, a scaled, equilibrium, atmospheric 
boundary layer (ABL) is simulated in the wind tunnel and the pressures or loads on a 
building model of the same scale are measured. For high-rise buildings, it is the usual 
assumption that all details of the ABL are fully simulated. As a result, the measured 
pressures or loads also contain all detail, presuming the instrumentation is sufficient to 
capture it and Reynolds number effects are limited. However, in many simulations, the 
full details of the wind field cannot be included in the study, such as for low-rise 
buildings, where it is typical to simulate only the lower portion of the ABL, and for loads 
on small components or cladding elements, where large model scales are required to 
obtain sufficient accuracy on the small areas but at the cost of inaccurate integral scales, 
which are too small. In the latter case, only the higher frequency portion of the turbulence 
spectrum of the wind is simulated. Such testing is called Partial Turbulence Simulation 
(Irwin, 2008). While such testing is relatively common, few methods to correct for the 
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effects of the missing large-scale turbulence on building exist, with the notable exception 
of Ashgari- Mooneghi et al. (2016). 
The Quasi-Steady (QS) Theory is well-established to account for the buffeting loads 
induced by large-scale fluctuations in the incident flow, and is the basis of many wind 
loading codes and standards (e.g., Holmes, 2003). In a QS model, the instantaneous 
pressure on the building surface is assumed to be a function of the instantaneous velocity 
vector of the upstream flow and can be predicted using the quasi-steady pressure 
coefficients, which are functions of wind direction and can be obtained by wind tunnel 
tests (e.g., Richards et al., 1995; Banks and Meroney, 2001; Wu and Kopp, 2016). The 
QS functions are primarily dependent on the building shape and wind direction, with 
limited changes with upstream turbulence conditions once the turbulence is above a 
particular level (Akon and Kopp, 2018; Wu and Kopp, 2018). Thus, it is possible to 
establish the model in a moderate roughness condition to use in other terrains (Wu and 
Kopp, 2018). Therefore, the Quasi-Steady model is a useful tool for the correction of the 
large-scale turbulence effects in partial-turbulence simulation. Another potential 
application of the QS model is to estimate loading in transient storms, since the structure 
can be subjected to rapid and intense changes in both wind speed and direction (Wu, 
2017). Jesson et al. (2019) proposed a method to apply wind field decomposition for 
thunderstorm downbursts, so that the idea of partial turbulence simulation can be 
extended to transient storms. They suggest that the main vortex structures of downbursts 
are generally large-scale, and wind loads can be estimated using a Q-S model such as that 
established by Wu and Kopp (2018), while the effects of the small scale components on 
loading can be obtained through wind tunnel tests.  
The strengths and limitations of the QS theory have been studied by many. The QS 
approach can yield accurate peak values of overall load coefficients (such as base shear 
or drag) for use in design (e.g., Solari, 1993; Solari and Kareem, 1998). Most research 
agrees that it works better for large area-averages rather than small areas and point 
pressures (e.g., Letchford et al., 1993; Wu and Kopp, 2016). Some have suggested that 
the quasi-steady approach only works for the stagnation region, and should not be applied 
to suction loads under regions flow separation (e.g., Kawai, 1983; Tieleman and Hajj, 
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1995; Tieleman, 2003), as it fails to capture the complex interaction of the small-scale 
turbulence to the local flow field. However, the Q-S vector model seems to overcome this 
limitation (Wu and Kopp, 2019). Several studies suggest that the QS vector model can 
provide reasonably accurate predictions for some statistics of pressure coefficients, for 
example, standard deviation pressure coefficients (e,g., Kopp and Wu, 2017) and 
probability density functions (e.g., Banks and Meroney, 2001), within the separation 
region. However, it tends to underestimate the peak pressure coefficients significantly 
(e.g., Richards and Hoxey, 2004; Wu and Kopp, 2016, 2018), with differences being 
greatest for small areas and point pressures.  
In the QS model, it is assumed that the wind velocity signal is a stochastic process, while 
the pressure at a position on the building surface is deterministic and only depends on the 
velocity (for a given building shape). Thus, the model explicitly excludes any loads from 
body-generated turbulence, which is why the approach can capture peak values only for 
the complete structure or large areas of the structure. This is caused by the lack of 
correlation of the smaller-scale fluctuations over the surfaces of the structure and is 
illustrated by the typical formulations for the aerodynamic admittance, where the 
admittance falls off exponentially with frequency for the small scales (e.g., Vickery, 
1965; Solari, 1993). In fact, for time-history-based methods, inclusion of the small-scale 
velocity fluctuations in the analysis can lead to an over-estimation of peak loads by 
(incorrectly) assuming a perfect correlation of these small-scale fluctuations over large 
areas of the entire body (Wu and Kopp, 2018), something which is automatically 
accounted for in spectral based methods using aerodynamic admittance functions (e.g., 
Solari, 1993). 
Errors in the quasi-steady models arise partly due to its inability to sufficiently capture 
the behavior of the small-scale vortices, including random vortex motion and random 
changes in vortex strength (Banks and Meroney, 2001) as well as non-linear interactions 
between small-scale atmospheric turbulence with the small-scale turbulence in separated 
shear layers near the building (Morrison and Kopp, 2018). As mentioned before, the 
small-scale turbulence of the incident flow can alter the flow field and pressure 
distribution significantly in separated flow regions (e.g., Gartshore, 1973), while the 
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mechanism is complex and does not follow a universal pattern. (e.g., Tieleman, 2003). 
The scale of the turbulence that controls the wind loads on the roof is typically up to 10 
times that of the typical dimensions of the structure (e.g., Morrison and Kopp, 2018). By 
removing the uncorrelated small-scale turbulence of the incident flow, the correlation 
with the predicted pressure time series is increased, but the peak is further underestimated 
(Wu and Kopp, 2018). So, the question to be answered in this thesis is whether a method 
can be developed, on the basis of quasi-steady approach, to obtain reasonable estimates 
of peak pressure coefficients that account for the nature of the small-scale turbulence in 
the incident flow and generated by the body.  
Most of the previous studies for the performance of the QS vector model were conducted 
for buildings with flat roofs (e.g., Richards and Hoxey, 2004, 2012; Banks and Meroney, 
2001; Wu and Kopp, 2016, 2018), while few have been done for roofs with more 
complicated shapes. The local aerodynamics can be altered significantly by change of 
roof slope and shape (e.g., Gavanski et al., 2013). For example, the roof slope can alter 
the flow separation on the gable roof at both the leading edge and the ridge (e.g., Reardon 
and Holmes, 1981; Holmes, 1983; Stathopoulos, 1984; Xu and Reardon, 1998). Details 
of local aerodynamics for gable and hip roofs have been studied by Gavanski et al. 
(2013), and is discussed in Section 1.2. Since the body-induced turbulence is an 
important factor for QS theory, it is necessary to check the performance of the QS vector 










1.2 Aerodynamics of low-rise buildings with gable and hip 
roofs 
Building structures can be generally classified as bluff bodies, in contrast to streamlined 
bodies such as airfoils, with the aerodynamics commonly governed by flow separations. 
Figure 1-1(a) shows the mean flow field for a typical low-rise structure with a flat roof 
for wind approaching perpendicular to the windward wall. It can be seen that the mean 
streamlines separated from the building, creates a concentrated vortex behind it 
(separation bubble), and then reattaches on the roof. The distance between the 
reattachment point and the leading edge is defined as the reattachment length (Xr), which 
is changing constantly in time and, therefore, is usually studied via the time-averaged 
value. A low-pressure region is created on the roof surface under the separation bubble, 
which makes the suctions on the roof the most critical case for designing low-rise 
buildings due to wind load. Similar separations also occur at each sidewall of the 
building, but the suction forces associated with these are usually not as critical to the 
building performance (for low-rise buildings).  
  




The vertical dimension of the low-rise structure is usually immersed within the surface 
layer of the atmospheric boundary layer, therefore, it is usually subject to the wind with 
high levels of turbulence. The effects of the mean velocity profile, although it plays a role 
for windward walls, are not as important for roof loads. Significant research has been 
done to reveal the effects of turbulence on flow separation and reattachment. For 
example, for two-dimensional bluff bodies, the mean reattachment length is found to 
decrease with the increase of the turbulence intensity, but is not as sensitive to the length 
scale of the incident flow (e.g., Hillier and Cherry, 1981; Kiya and Sasaki, 1983; Saathoff 
and Melbourne, 1997). In contrast, the distribution of mean pressure on the body surface 
can be affected by the integral length scale for a fixed turbulence level which changes the 
small-scale turbulence level substantially (e.g., Nakamura and Ozono, 1987). Recent 
research by Akon and Kopp (2016) suggests that the mean reattachment length is largely 
unaffected by the turbulence scale of the incident flow, and that it is possible to estimate 
the location of the mean reattachment point from the mean pressure field, as implied by 
figure 1-1 (b).  
For wind approaching from oblique directions (e.g., 30o~60o) towards a building with a 
flat roof, vortices are created along two sides of the roof edges, known as conical vortices 
(shown in Figure 1-2). High suction zones are created beneath the vortices. For low-
pitched roofs, the suction due to corner vortices can be the largest in magnitude, but the 
area affected by them is usually smaller compared to separation bubbles, and, therefore, 
not as critical for overall loading (e.g., Holmes, 2003).  
 




For gable and hip roofs, the local aerodynamics can be dramatically different to those for 
the flat roof, due to variation of the roof slope and the additional edges including ridge 
and hip lines. The pressure distribution and local aerodynamics of low-rise buildings with 
gable and hip roofs have been studied by Gavanski et al. (2013). Wind tunnel tests were 
conducted for a series of models at 1:50 scale, with roof slopes varying from 5:12 to 
12:12. Figure 1-3 shows the mean pressure contours for the gable roofs at different 
nominal wind directions. The separation and reattachment can be observed from it by 
assuming that the relationship between the mean reattachment point and the pressure 
field, discussed in Akon and Kopp (2016) for flat roofs, can be extended to gable and hip 
roofs. For example, with a nominal wind direction parallel to the ridge (0o), a low suction 
zone is created on the front half of the roof, indicating that flow separates at the front 
edge; the suction is then recovered (i.e., is close to 0) on the back half of the roof, 
indicating that flow reattachment occurs. As the roof slope is increased, the magnitude of 
the suction increases, while the gradient pattern remains unchanged. When the nominal 
wind direction perpendicular to the ridge (0o), for the relatively low-sloped roof (5:12), 
flow separation occurs at both leading edge and the ridge; for higher slopes, the low 
suction zone at the leading edge of the windward roof decreases in both area and 
magnitude; for roofs with relatively steep slopes (12:12), significant separation only 
occurs at the ridge. Similar effects of roof slope can be observed for nominal wind from 
an oblique direction (50o), as the magnitude of the low suction at the corner of the 
leeward side roof decreases with increasing of the roof slope, and the windward side is 
subject to positive pressure for relatively steep-sloped roofs (>9:12).  
Figure 1-4 provides the mean pressure contour for hip roofs. Symmetric results are 
observed for a wind direction normal to one of the walls (0o and 90o). The pressure field 
and flow separation on the windward side are similar to those for the gable roof. For the 
leeward side, the flow separates at, not only the ridge, but also at both of the front hip 
lines. The separation zone on the windward side shrinks as the roof slope is increased, 
and positive mean pressures on the windward side begin to occur for the 9:12 model, 
indicating that no separation occurs at the leading edge for roof slopes larger than that, 
similar to the gable roofs. For the oblique direction (50o), the high suction “corner” zone 
is rarely observed, especially for roof slopes larger than 6:12. The pressure distribution is 
8 
 
similar to the gable roof at 90o, as the two hip lines that are perpendicular to the 
approaching wind act like the ridge of the gable roof and cause flow separation.    
 
Figure 1-3: Mean pressure coefficient, Cp, spatial distribution of isolated, gable-
roofed houses with h=6.7 m, in suburban terrain for each roof slope, B, and wind 




Figure 1-4: Mean pressure coefficient, Cp, spatial distribution of isolated, hip-roofed 
houses with h=6.7 m, in suburban terrain for each roof slope, B, and wind directions 
of 0o, 10o, 40o, and 90o (from Gavanski et al., 2013). 
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1.3 A review of Quasi-Steady theory 
In a typical wind tunnel experiment, the velocity profile of the atmospheric boundary 
layer is simulated, and the pressure time series at many locations on the model surface are 
measured. The pressure coefficient is defined as:  





                                                        (1-1) 
Here, 𝛥𝑝(𝑡) is a function of time and is the difference between the building surface 
pressure, 𝑝, and the static pressure of the ambient, 𝑝0, i.e.,  
                                                        𝛥𝑝(𝑡) =  𝑝 − 𝑝0                                                     (1-2) 
𝜌 is the density of air, ?̅? denotes the mean longitudinal velocity at a certain height, and 
𝐶𝑝(𝑡) is the pressure coefficient. By time averaging equation (1-1), we have:  
                                                         𝛥𝑝̅̅̅̅ =
1
2
𝜌?̅?2𝐶𝑝̅̅̅̅                                                       (1-3) 
?̅? is usually measured separately from 𝛥𝑝(𝑡). Therefore, these types of tests provide the 
relationship between the mean pressure on building surface and mean wind velocity at a 
reference height, under conditions of a particular nominal wind direction and terrain. The 
quasi-steady assumption is that the instantaneous fluctuations of the pressure would 
follow the fluctuations of the longitudinal velocity (e.g., Holmes, 2003), which can be 
written as:  
                                                 𝛥𝑝(𝑡) =
1
2
𝜌𝑢(𝑡)2𝐶𝑝̅̅̅̅                                                    (1-4) 
The longitudinal velocity can be decoupled into the mean and fluctuating part: 
                                                     𝑢(𝑡) = ?̅? + 𝑢′(𝑡)                                                        (1-5) 
Substituting this into (1-4): 
              𝛥𝑝(𝑡) =
1
2
𝜌(?̅? + 𝑢′(𝑡))2𝐶𝑝̅̅̅̅  =
1
2
𝜌𝐶𝑝̅̅̅̅  (?̅?2 + 2?̅?𝑢′(𝑡) + 𝑢′(𝑡)2)                (1-6) 
Taking mean from both sides and using ?̅?𝑢′(𝑡)̅̅ ̅̅ ̅̅ ̅̅ = 0, one obtains: 
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                                                 𝛥𝑝̅̅̅̅ =
1
2
𝜌𝐶𝑝̅̅̅̅ (?̅?2 + 𝜎𝑢
2)                                                  (1-7) 
For low turbulence intensities, the standard deviation term can be neglected compared to 
mean term, which yields equation (1-3). 




𝜌𝐶𝑝̅̅̅̅  (2?̅?𝑢′(𝑡) + 𝑢′(𝑡)2)                                     (1-8) 
The second order term can be neglected, as for equation (1-7). Squaring both side and 
taking the mean value, 
𝛥𝑝′2̅̅ ̅̅ ̅̅ = 𝜌2𝐶𝑝̅̅̅̅  2?̅?2𝑢′2̅̅ ̅̅                                                   (1-9) 
Normalizing into the coefficient form by dividing the square of the mean speed leads to: 





2 = (2𝐶𝑝̅̅̅̅ 𝐼𝑢)
2                             (1-10) 
Thus, the quasi-steady assumption relates the standard deviation of the pressure 
coefficient to the longitudinal turbulence intensity, with a linear relationship. This offers 
a method to estimate pressure fluctuations directly from the wind statistics, which is used 
in many building codes and standards. However, this form of the model only considers 
one-dimensional fluctuations of the wind, ignoring the effects of the instantaneous 
change of velocity in other directions.  
The quasi-steady vector model, unlike the 1-D quasi-steady assumption, relates the 
instantaneous pressure on the building surface to the instantaneous velocity vector of the 




𝜌𝑉(𝑡)2𝐶𝑝𝑖𝑛𝑠𝑡(t)                                               (1-11) 
In this equation, 𝐶𝑝𝑖𝑛𝑠𝑡(t) is the instantaneous pressure coefficient, and 𝑉(𝑡) is the 
magnitude of the instantaneous velocity vector of the upstream flow. Unlike the 1-D 
assumption, the quasi-steady pressure coefficient here is no longer equal to 𝐶𝑝̅̅̅̅  for the 
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nominal wind direction, but is usually assumed to be a continuous function of the 
instantaneous direction of the velocity vector. A common approach is to take it as a 
function of instantaneous wind azimuth angle, 𝜃 (e.g., Kawai, 1983; Letchford et al., 
1993), while Cook (1990) indicates that both 𝜃 and the elevation angle, 𝛽 could be 
included to obtain a more comprehensive quasi-steady vector model. Research has been 
done to study the effects of elevation angle, by tilting the model in pressure test (e.g., 
Letchford and Marwood, 1997; Sharma and Richards, 1999; Richards and Hoxey, 2004), 
or applying three-dimensional up-stream velocity measurement (e.g., Wu and Kopp, 
2016). Details of how to determine quasi-steady coefficients as a function of 𝜃 and 𝛽, 
will be discussed in chapter 3. Once the quasi-steady function is obtained, equation (1-
11) can be written as:  
                                                 𝛥𝑝(𝑡) =
1
2
𝜌𝑉(𝑡)2𝐶𝑝(𝜃, 𝛽)                                         (1-12) 
Here, 𝐶𝑝(𝜃, 𝛽) is the instantaneous quasi-steady function. If the velocity is measured in 
Cartesian coordinates (shown in Figure 1-5), then the velocity magnitude, 𝑉(𝑡), and the 
azimuth and elevation angle, 𝜃 and 𝛽, are: 
                                                   𝑉(𝑡)2 = 𝑢2 + 𝑣2 + 𝑤2                                             (1-13) 
                                                        𝜃 = 𝑡𝑎𝑛−1 (
𝑣
𝑢
)                                                     (1-14) 
                                                     𝛽 = 𝑡𝑎𝑛−1 (
𝑤
√𝑢2+𝑣2
)                                               (1-15) 
 
Figure 1-5: Schematic sketch of Cartesian system for quasi-steady vector model 
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One advantage of the QS vector model compared to the 1-D QS assumption is that it does 
not require the wind approaching from a particular nominal wind direction, but can 
provide a prediction of the pressure time history if given turbulent velocity time history. 
Similarly, this approach can be used to estimate pressure statistics such as probability 
density functions from wind statistics based on the QS vector model.  
As a great simplification to the complex dynamic relationship between the pressure and 
velocity fields, which is described by the governing momentum equation (i.e., Navier-
Stokes equations), it would be unrealistic to expect the QS vector model to provide 
perfect predictions. However, it does offer a convenient and practical tool for estimating 
pressure fluctuations on building surfaces, where the application of the full momentum 
equation is impossible due to both measurement and calculation difficulties. As discussed 
in Section 1.1, the QS-based method is more accurate for wind fluctuations of large scale 
and for relatively large areas. One hidden assumption embedded in the mathematics of 
the QS vector model is that the QS pressure coefficient is an initial feature of the building 
shape. Thus, pressure coefficients depend on the direction of the instantaneous velocity 
vector and position of the building, but are independent of other conditions, including 
velocity magnitude, rate of change of velocity, and mean wind direction. Of course, these 
assumptions can be vulnerable under certain conditions. For example, Richards and 
Hoxey (2012) pointed out that the roof vortex structure can be associated with flow 
patterns that depend on the nominal wind directions, which has effects on the quasi-
steady pressure coefficient. Wu and Kopp (2019) compare the quasi-steady model with 
the time-averaged integral momentum equation, and concluded that one of the 
fundamental physical assumptions embedded into quasi-steady theory is that the 
streamline of the instantaneous flow field must be assumed to be the same as the 
streamline of the mean flow field. Therefore, for the QS model to work accurately, the 
instantaneous flow pattern near the roof must match the mean flow pattern. This 




1.4 Peak wind-induced pressures on low-rise buildings 
The peak pressure coefficient is one of the most important outputs from a wind tunnel 
test. In a typical experiment, the velocity profile of the atmospheric boundary layer is 
simulated, and pressures on the building model surfaces are measured. With a pressure 
coefficient defined by equation (1-1), the peak pressure coefficient can be then defined as 
the single extreme value (minimum or maximum) of Cp within a reference period of 
time.  The distribution of the peak pressure coefficient is usually assumed to be following 
a certain probability model, such as the type I Extreme Value (Gumbel) distribution, and 
the peak value for design can be determined as a chosen fractile of the model. 
A common approach to deal with expected extreme values of wind loads is to relate them 
to the gust wind speed, assuming that the pressure fluctuations follow a Gaussian process, 
and the distribution of the extreme values can be obtained analytically from the turbulent 
velocity of the incoming flow by quasi-steady theory, as shown by equation (1-10) (e.g., 
Davenport, 1964). This approach provides a practical tool for codes and standards for 
some design applications, for example, the overall response of slender structure 
(Stathopoulos, 1983), but it gives non-conservative values when applied for loads on low-
rise buildings since the time history of the pressure fluctuation is typically non-Gaussian 
(e.g., Kwon and Kareem, 2011), and cannot be fully captured by quasi-steady theory.  
The determination of parameters for extreme value distributions for pressures on low-rise 
buildings are, therefore, not a settled issue yet, with many attempts being taken and the 
lack of a standard method. Most of the approaches to deal with this issue fall into two 
major types of methods (Peng et al, 2014). The first one is the so-called observed peak 
approach, during which the measured pressure time history is cut into segments, and the 
single extreme value of each segment is identified. The peak distribution is then fit, based 
on those observed peaks (e.g., Cook and Mayne, 1980; St. Pierre et al., 2005). The other 
type can be summarized as translational methods. In these methods, probability 
distributions of the non-Gaussian pressure time history are translated to a Gaussian 
process by a CDF mapping technique, so that the analytical method to determine extreme 
value distributions for Gaussian processes can be applied (e.g., Ben Ayed et al., 2011; 
Kwon and Kareem, 2011; Sadek and Simiu, 2002; Tieleman et al., 2006).  
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Both types of methods require information of the full pressure time history from wind 
tunnel measurements. In fact, most research agrees that it takes longer wind tunnel time 
to obtain stable estimates for peak pressure compared to mean and standard deviation 
values (e.g., Tieleman, 2006). Since the QS vector model can provide predictions of 
pressure time history which yields probability density functions, it has the potential to 
assess the extreme pressure theoretically, although few attempts can be found in literature 
since the missing body-generated turbulence makes it inaccurate. However, if the 
pressure fluctuations induced by body-generated turbulence can be, somehow, modeled 
separately and merged with the QS vector model, it could provide a tool to estimate peak 
pressure by the upstream velocity and the local aerodynamic type instead of requiring a 
measured pressure time history. This would cover the gap for wind load cases where 
there is difficulty in obtaining a wind tunnel measurement, or for cases where 













1.5 Thesis objectives and layout 
The objective of this thesis is to develop a practical model to predict peak values of the 
wind-induced load on low-rise building roofs based on the quasi-steady theory and the 
partial-turbulence approach. To achieve this goal, the performance of quasi-steady vector 
models on buildings with different roof shapes need to be understood. To achieve this 
goal, wind tunnel tests have been conducted for gable and hip low-rise models with 
different roof slopes, while the data from similar tests on a flat roof by Wu and Kopp 
(2016), is used for comparison. The details of the tests are described in chapter 2. A 
modified method of obtaining the quasi-steady function is developed in chapter 3. In 
chapter 4, a method of pressure decomposition based on the partial turbulence approach 
is discussed, for the flat roof model. This statistical model is used to account for the wind 
loads induced by body-generated turbulence, and the effects of terrain conditions are 
considered. A model to estimate peak pressure has been developed by combining the 
quasi-steady vector model and the body-generated turbulence model using a Monte-Carlo 
approach. In chapter 5, the performance of the quasi-steady vector model for gable and 
hip roofs is examined, and the effects of roof shape and slope are discussed. In chapter 6, 
the combined model developed in chapter 4 is applied to gable and hip roofs, and the 
strengths and limitations of the method are discussed. Conclusions and recommendations 




Chapter 2  
2 Experimental set-up  
2.1 Data from Wu and Kopp (2016) for building with a flat 
roof 
Data from the wind tunnel test conducted by Wu and Kopp (2016) are used for a portion 
of the analysis in this thesis. The details of their test set-up are given in this section, 
which can also be found in Wu and Kopp (2016, 2018, and 2019), Wu et al. (2017), and 
Wu (2017).  
The tests were conducted in the Boundary Layer Wind Tunnel Laboratory of the 
University of Western Ontario using a 1:50 scaled model of Texas Tech University 
(TTU) building (Levitan and Mehta, 1992). The model has a plan dimension of 27.5 
cm×18.3 cm and a height of 8 cm. A total of 204 pressure taps were uniformly distributed 
across the building surfaces. Figure 2-1 (a) shows a sketch of the distribution of pressure 
taps as well as the Cartesian coordinate and the definition of wind azimuth, θ. The 
direction normal to the longitudinal wall is defined as θ=0o while 90o is normal to the 
shorter wall.  
 
Figure 2-1: (a) Pressure tap locations for the 1/50 TTU building along with the 
Cartesian coordinate of the space and wind azimuth definition. (b) Example setup 
and the point location m of the cobra probe velocity measurement. (From Wu, 2017) 
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Pressure signals were sampled at 625 Hz for 200 seconds, for 19 nominal wind directions 
(0o to 90o in 5o increments). Details of the pressure measurement system, including the 
tubing system and the frequency responses, are described in Ho et al. (2005). 
Measurement uncertainty of the pressure coefficients is described in Quiroga Diaz (2006) 
and Kwan (2020). The Reynolds number, Re, based on the roof height H, is 5.3×104, and 
the mean stream-wise velocity is 10m/s at the roof height. The maximum blockage ratio 
is about 0.25%. Figure 2-1 (b) is an example photo of the experimental setup.  
The component velocity measurements are made by Cobra probes, synchronized with the 
pressure measurements. The location of the velocity measurements is at one building 
height (8cm) above the middle point of the front edge of the building roof, as shown in 
Figure 2-1. The reason for the selection of this location is to obtain a representative 
location for the flow field at the building location, while minimizing the effect on roof 
pressures and velocity measurements (Wu, 2017). Details of these simultaneous 
measurements can be found in Wu (2017).  
Six upstream terrain roughness conditions were created in Boundary Layer Wind Tunnel 
II at UWO, which can be characterized by the turbulence intensity and integral scale. The 
details of the terrain conditions are summarized in table 2-1. 
Table 2-1: Characteristics of mean stream wise velocity and turbulence measured at 
model roof height (Wu and Kopp, 2018) 
Ground roughness level Flat Open Suburban 
Upstream barrier height 0 15 inch 0 15 inch 0 15 inch 
Label F0  F15 O0 O15 S0 S15 
Turbulence intensity, Iu (%) 13 14 17 17 26 27 
Integral length scale ratio, 
Lux/H 
6 13 8 11 7 12 








is the mean velocity at height, z, normalized by the mean velocity at roof height, 𝑢𝐻. It 
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can be seen that the mean profile is similar for flat and open terrains (F0, F15, O0, O15), 
while an increase of mean shear occurs for the suburban terrains (S0 and S15). 𝐼𝑢 denote 
turbulence intensity. It can be seen that the turbulence intensity increases significantly 
with an increase of roughness (i.e., flat<open<suburban), while it is not significantly 
affected by the placement of 15-inch barrier, with the exception of the Suburban terrains 
where the turbulence intensity of S15 is larger than S0. In figure 2-2 (a), 𝑓 and 𝑆𝑢𝑢(𝑓) 
denote the frequency and the power spectral density, respectively. It can be seen that for 
flat and open terrains, including the 15-inch barrier reduces the fluctuation energy at the 
small scales but increases it at the larger scales, while the total amount of energy remains 
approximately unchanged. For the suburban terrain, the fluctuation energy at large scales 
is increased with the 15-inch barrier in place, while it remains unchanged at the small 




Figure 2-2 (a) Mean u-component velocity profiles, (b) turbulence intensity profiles 
and (c) reduced spectral density of u component at roof height distribution for 6 
terrains (Wu, 2017). 
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2.2 Tests on low-rise buildings with gable and hip roofs 
2.2.1 Pressure measurements  
Four low-rise building models with gable and hip roofs at the scale of 1:50 were tested in 
this study. The roof slopes are either 22.6o (5:12) or 45o (12:12), so that results for low-
sloped (0o), mid-sloped (22.5o), and steep-sloped (45o) roofs can be compared since the 
aerodynamics are altered dramatically over these changes of the roof slope, as discussed 
in chapter 1. The plan dimensions of the models are about 11 m and 10m (L×W) in 
equivalent full scale, with an eave height, h, of 6.7 m (typical height of 2-story house). 
Each model has a roof overhang of about 0.5 m around the perimeter. Around 150~250 
pressure taps are uniformly distributed on the roof surface. The same models were used 
by Gavanski et al. (2013 for pressure tests. Table 2-2 provides the details of the 
configuration of the four models.  
Table 2-2: Gable and hip building model configurations. 









5:12 11.3 m×10.1 m 
6.7m 
0.46m 230 
12:12 11.3 m×10.2 m 0.51m 192 
hip 
5:12 11.3 m×10.1 m 0.46m 242 
12:12 11.3 m×10.2 m 0.51m 158 
The tests were conducted in the Boundary Layer Wind Tunnel Ⅱ at UWO. Three of the 
six upstream roughness conditions from Wu and Kopp (2016) were selected for tests, 
which are F0, O0, and S15, in order to represent realistic terrain conditions with different 
turbulence intensity. The integral scales of terrain are not considered, as study shows that 
it is not as important as the turbulence intensity to the partial-turbulence model. More 
details will be shown in chapter 4. The details of the terrain condition, including the wind 
profile and spectrum, can be found in the previous section. The mean stream-wise 
velocity at the mean roof height is set to be around 12m/s, leaving the Reynolds number 
of 1.47×105 at the roof height. The maximum blockage ratio is about 0.48%. Same with 
the flat roof, the test was conducted for 19 nominal wind directions, from 0o to 90o in 5o 
increments. Figure 2-3 shows the definition of the wind azimuth, θ, as well as two typical 
pressure taps layouts (gable and hip model with 5:12 slope). The pressure was sampled at 
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625 Hz for 180 seconds for each configuration. Figure 2-4 illustrates the experimental 
setup (gable and hip roof with 12:12 slope). The location of the velocity probe is 1H 
above the center of the roof, where H denotes the mean roof height; a decision which will 
is examined and justified in the next section.  
 
Figure 2-3: Typical pressure tap layouts for (a) 5:12 gable and (b) 5:12 hip roof 
models and the definition of wind direction (from Gavanski et al., 2013).  
 





2.2.2 Velocity measurements  
Three-component velocity measurements were made synchronized with the pressure 
signals, in order to conduct analysis for QS theory. One major challenge is to determine 
the measurement location. Banks and Meroney (2001) commented that the cross-
correlation between the measured velocity and pressures is critical for the accuracy of the 
model because this is the base of the quasi-steady assumption. Therefore, to make the 
model more accurate, the velocity needs to be measured near the pressure taps, which is 
very hard to achieve because the device that measures velocity will disturb the pressure 
field if placed too close to the building model, and the measured velocity field can also be 
disturbed by the building model. As the distance between the velocity measurement and 
pressure tap increases, the cross-correlation drops relatively rapidly in the turbulent flow. 
In addition, information about the turbulence generated within this distance is completely 
missing in the QS model, which is critical since the governing phenomenon of the flow 
field is separation, and the body-generated turbulence plays a big role here (Akon and 
Kopp, 2018). In Banks and Meroney (2001), the velocity is measured at a point right 
above the shear layer. The distance between the measurement point and the model 
surface is 16mm (0.2h). 
Another approach is proposed by Richards and Hoxey (2004), who measured the velocity 
at an upstream point located at roof height, h (Figure 2-5). The distance between the 
measurement point and the building model is 3.48h. This is a long distance compared to 
the approach of Banks and Meroney (2001). Wu (2007) showed a significant drop in 
correlation over such upstream distance.  
 
Figure 2-5: Velocity and pressure measurements (from Richards and Hoxey, 2004). 
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Wu and Kopp (2016) measured the velocity at 1 building height (1H) right above the 
mid-point of the leading edge using (Figure 2-1). When the wind is perpendicular to the 
wall, the measurement location is right above the separation point. Results of PIV data 
shown by Wu et al. (2017) indicates that this location (1H above the leading edge) is well 
outside the mean streamlines of separation bubble (sketched in figure 2-6, a), which 
makes it a better representation of the upstream velocity field, compared to measurements 
very close to the roof surface, since the latter one is inside the separated shear layer and 
can be distorted significantly by body-generated turbulence.  
 
Figure 2-6: Schematic sketch of mean flow field for (a) flat and (b) 12:12 hip roof.  
Figure 2-7 shows the scatters of elevation angle, β, versus the azimuth angle, θ, of the 
velocity data measured by Cobra probe from Wu and Kopp (2016) in 2 different terrains. 
Theoretically, β and θ should be statistically independent in undisturbed flows since the 
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Reynold shear stress, 𝑢′𝑣′̅̅ ̅̅ ̅̅ = 0, in the lateral direction. However, a non-zero trend can be 
observed in the data of F0 terrain (figure 2-7, a). This is a piece of direct evidence that 
even for measurement at 1H above the building surface, the disturbance of flow due to 
the building model is not completely prevented. As the turbulence intensity increases 
(figure 2-7, b), the trend becomes less obvious. This is an issue for accounting for the 
effects of elevation angle in the QS model, which will be discussed in chapter 4, in detail.  
 
Figure 2-7: Scatters of elevation angle, β, versus azimuth angle, θ, from velocity data 
measured by Cobra probe at 1H above the flat roof  in (a) F0 and (b) S15 terrains, 
from Wu and Kopp (2016).  
The QS model developed using velocity measured at this location works well for the 
separation region at the leading edge, but less well in the region after reattachment (Wu, 
2017). This brings insights for the gable and hip roofs. Since flow separation occurs not 
only at the leading edge but also at the hip and ridges, it is probably better to measure the 
velocity above the middle center of the building instead of the leading edge (figure 2-6, 
b), so that the measurement can represent the velocity field of the upstream while stay 
correlated with pressures of separation regions at the back side of the roof.  
To further study this, preliminary tests have been conducted in the Boundary Layer Wind 
Tunnel I at UWO to study the correlation between pressures on the roof surface and the 
velocity field around it. An intermediate terrain condition is created, and the mean and 
turbulence profiles are shown in figure 2-8. The 12:12 gable roof is selected for testing, 
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with nominal wind direction normal to the gable ridge, as this is the direction that 
dominates the flow separation at the leeward side of the roof.  
 
Figure 2-8: (a) Mean (b) turbulence intensity profile of the intermediate terrain. 
Eight positions are selected for velocity measurement. Four of them are on the central 
plane of the building, labeled as 1, 4, 5, and 8, as shown in figure 2-9. Position 1 is 
located 1h above the leading edge, where h denotes the roof eave height; position 4 is 
below position 1, but 2.5 cm (i.e., 0.2h) above the leading edge. Position 5 is 0.2h above 
the ridge, and position 8 is 1 h above the ridge, which makes its distance to ground 2 
times of the mean roof height (H). The other 4 positions (2, 3, 6, and 7) are on the 
corresponding height, but located in a plane near the side edge of the roof, for 




Figure 2-9: Sketch of 8 different Cobra probe positions. 
 
Figure 2-10: Experimental setup for Cobra probe position 5. 
Pressure data at the center line of the roof surface, as shown in figure 2-11, are sampled 
for 3 minutes at a sampling rate of 625 Hz, synchronized with the velocity signal by the 




Figure 2-11: Schematic sketch of the pressure taps along center line of the 12:12 
gable roof. 
Magnitude of velocity square, V2, is calculated by equation (1-14) from 3 components. 
Zero time lag correlation coefficients between the time history of V2 and the measured 
pressures coefficient, Cp, are defined as:  
                                                 𝐶𝑜𝑟𝑟𝑉2,𝐶𝑝 =
𝐶𝑜𝑣(𝑉2,𝐶𝑝)
𝜎𝑉2𝜎𝐶𝑝
                                                  (2-1) 
Where 𝐶𝑜𝑣(𝑉2, 𝐶𝑝) denotes the covariance between 𝑉2 and 𝐶𝑝, and 𝜎𝑉2 and 𝜎𝐶𝑝 denotes 
the standard deviation of them. The zero time lag correlation coefficient is a measure of 
linear dependence between 2 signals, and should be equal to 1 or -1 theoretically if the 
QS assumption holds perfectly. The higher the magnitude of 𝐶𝑜𝑟𝑟𝑉2,𝐶𝑝 is, the better the 
QS model is likely to perform.  
The results of 8 different velocity measurement positions are plotted in figure 2-12. The 
correlation coefficients on the windward side of the roof are generally positive since this 
side is subject to positive loads, while it is negative on the leeward side due to the suction 
loads. For most cases except 3 and 4, the trends of the curves are similar: the highest 
positive correlation occurs at close to the leading edge, and decreases slightly as the 
distance to leading edge increases; the negative correlation on the leeward side roof is 
smaller compared to the windward side in magnitude, but remains relatively constant. 
Position 5 (0.2h above the mid-point of the middle ridge) gives the highest correlation, 
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with the positive value is close to 0.6 on the windward face and negative correlations 
close to -0.35 on the leeward face. When the velocity measurement point is higher (1h 
above the ridge, position 8), the correlation drops in magnitude for both windward and 
leeward faces. Results for position 1 (1h above the leading edge) are similar to 8, while 
the correlation from position 4 (0.2h above the leading edge) is much lower than others. 
The results measured at the gable end (positions 2, 3, 6, and 7) are nearly identical to the 
corresponding measurements at the central plane. 
 
Figure 2-12: 𝑪𝒐𝒓𝒓𝑽𝟐,𝑪𝒑 of eight Cobra probe positons, nominal wind direction 0
o. 
Table 2-3 shows the stream-wise turbulence intensity measured with the building model 
removed, Iu, compared with it measured with the model in place, Iu′, for 4 positions 
located on the middle plane (1, 4, 5, 8). It can be seen that the turbulence intensity 
generally increases with the appearance of the model, indicating a disturbance of body-
generated turbulence on the flow field. Position 4 has the largest relative difference 
(180%), while the effects on positions 1 and 5 are also considerable (around 30%). The 
effects on position 8 are the smallest (less than 15%), which is consistent with the 
discussion of figure 2-6 (b).  
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Table 2-3: Turbulence intensity measured by cobra probe at position 1, 4, 5 and 8, 
with and without appearance of the building model. 
position 1 4 5 8 
Iu  0.160 0.178 0.162 0.145 
Iu′ 0.206 0.502 0.210 0.166 
Relative change (%) 28.5% 182.3% 29.8% 14.4% 
The standard deviation Cp (𝐶?̃?) can be estimated from upstream turbulence intensity 
using the 1-D QS assumption by equation (1-10). 4 cobra probe positions on the mid-
plane (1, 4, 5, and 8) are checked. Results are plotted in figure 2-13 and compared with 
measured pressure data. It can be seen that position 1, 5 and 8 give good prediction for 
the leeward side (x/W = 0.5~1), but underestimate it for the windward side (x/W = 0~0.5) 
significantly. Position 4 overestimates the leeward side significantly, but gives prediction 
of the windward side closer to the reality.  
 
Figure 2-13: 𝑪?̃? predicted by QS assumption using velocity measured at location 1, 
4, 5 and 8, compared with measured pressure data. 
Results in figure 2-13 indicate that the flow field above the surface of the windward side 
roof surface is significantly altered by the building. The turbulence intensity of the nearby 
flow is increased to a great level, leaving the fluctuations of surface pressures increasing 
with it (noting that position 4 is the closest one to the windward surface of the roof and 
that turbulence intensity measured by position 4 is severely increased with building 
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model in place). Therefore, the QS model developed using undisturbed upstream velocity 
(for example, position 8) can give good predictions for the suction regions on the leeward 
side of the roof, but will underestimate the pressure fluctuations on the windward side 
significantly. This suggests that to improve the performance of the QS model on the 
12:12 sloped roof, multiple positions of velocity measurements are required.  
To check the effects of velocity measurement on the Quasi-Steady functions, the 
instantaneous pressure coefficients, 𝐶𝑝𝑖𝑛𝑠𝑡, is calculated using the conditional average 
technique for velocity data measured by position 5 and 8 for nominal wind direction 0o, 
and plotted in figure 2-14. (Details of the conditional averaging technique will be 
discussed in chapter 3.) Coefficients are referenced to the velocity at eave height, so that 
difference due to ?̅?5 ≠ ?̅?8 is removed. The trends of 𝐶𝑝𝑖𝑛𝑠𝑡 using velocity data measured 
by 2 Cobra probe positions match well. An offset in magnitude of around 0.05 (15% 
relatively) can be observed. Measurement uncertainty for pressure coefficients has been 
studied by Kwan (2020) for the exact same wind tunnel for the 1:50 scaled model. The 
uncertainty due to pure random error is 0.059, which can be used to compare results from 
repeated measurements with exactly the same setup, while the full measurement 
uncertainty can be up to 0.15. Thus, the difference of 0.05 is within measurement 
uncertainty and therefore not significant.  
 




Based on the result, position 8 (1h above the ridge) is selected as the measurement 
location for the velocity (which is simultaneous for the pressure measurements described 
in Section 2.2.1), for the following reasons:  
1. Correlations are reasonably good at this location (>0.45). Compare to position 5, 
which is very close to the roof surface, a difference in correlation coefficient does 
exist (0.15 in magnitude at the leading edge, 25% relative), but the increasing 
distance can help to reduce the disturbance on pressure measurements due to the 
appearance of Cobra probe.  
2. The aerodynamics of the windward and leeward sides of the roof is very different, 
and it is unlikely to use a single probe position to give good predictions for both 
sides. Position 8 can effectively capture the pressure fluctuation on the leeward 
side, but underestimate it on the windward side significantly. Since the leeward 
side is subject to suction load, which is more of a concern in design compared to 
the positive load (windward side), this result is considered acceptable.  
3. Compared to positions closer to the roof surface, velocity measurement at this 
height is less distorted by the body-generated turbulence, and therefore, is a better 
representation of the upstream.  
4. The Cobra probe system doesn’t have to be moved during tests with the rotation 
of the model, since position 8 is at the geometric center of the model. This is a big 
convenience for the test setup. 
5. The height of position 8 is at 2 times of the mean roof height, which is consistent 
with the test of the flat roof by Wu and Kopp (2016).  
6. The instantaneous pressure coefficients (𝐶𝑝𝑖𝑛𝑠𝑡) calculated using velocity data 
measured at different positions can be altered to up to 0.05, due to distortion of 
turbulence intensity, which is within measurement uncertainty of pressure 






2.3 Turbulence scales and velocity filtering 
As discussed in chapter 1, most research agrees that QS theory works better for large-
scale fluctuations, but fails to capture the small-scale, or “body-generated” turbulence. It 
has been shown that the correlation between 𝑉2and 𝐶𝑝 is improved when the velocity is 
filtered to remove the small scales. Area averaging is the equivalent operation for the 
pressure field. Since 3-sec gust speeds are used in design (e.g., ASCE 7-16, 2017), 
filtering of the wind speed is necessary anyways. To examine the appropriate velocity 
filtering, coherence functions and spectrum ratios between measured and Q-S predicted 
Cp time series are checked. These functions are used in later chapters as well when the 
performance of the QS vector models is assessed. 
Measured pressure coefficients, named as 𝐶𝑝𝑚, are calculated from the measured 
pressure data using equation (1-1), while the QS predicted pressure coefficients, 𝐶𝑝𝑄𝑆, 
are calculated as:  
                                                      𝐶𝑝𝑄𝑆 =
𝑉(𝑡)2𝐶𝑝(𝜃,𝛽)
𝑢2
                                                  (2-2) 
Here, ?̅? is the reference velocity for pressure coefficients; 𝐶𝑝(𝜃, 𝛽) is the QS function, 
details of obtaining which will be discussed in chapter 3. Define 𝑆𝑚 and 𝑆𝑄𝑆 as the power 
spectral density of 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆, and 𝑆𝑄𝑆,𝑚 as the cross-spectral density of them.  
The coherence function is defined as:  




                                                  (2-3) 
The coherence function can be seen as a measure of correlation at frequency domain 
between 2 signals, varying between 0~1. When coherence =1, the correlation is perfect at 
that frequency. 
The aerodynamic admittance function can be calculated as:  
𝐴𝐴𝐹 = 𝑆𝑚/𝑆𝑄𝑆                                                     (2-4) 
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The spectrum ratio, 𝑆𝑟𝑡𝑄𝑆,𝑚, is defined as the reciprocal of AAF:  
                                                    𝑆𝑟𝑡𝑄𝑆,𝑚 =
1
AAF
= 𝑆𝑄𝑆/𝑆𝑚                                          (2-5) 
Spectrum ratio reflects the amount of fluctuation energy that can be account for by the 
QS model in the frequency domain, and should equal 1 if the QS assumption holds 
perfectly. 𝑆𝑟𝑡𝑄𝑆,𝑚<1 indicates that QST fails to capture some portion of fluctuation 
energy, while 𝑆𝑟𝑡𝑄𝑆,𝑚>1 means that the fluctuation energy is overestimated by the model. 
In figure 2-15 (b), 𝐶ℎ𝑓𝑄𝑆,𝑚 of 6 point pressures on the centerline of the model, as well as 
the overall lift of the entire roof, are plotted for the flat roof, for wind direction parallel to 
the ridge (90o). Figure 2-15 (a) shows the sketch of locations of the 6 points along the 
centerline. The x-axis of 2-12 (b), 
𝑢
𝑓𝐻
 is the normalized scale, where ?̅? denotes the mean 
stream-wise velocity at the Cobra probe height, 𝐻 is the mean roof height of the building 
model, and 𝑓 is the natural frequency corresponding to the spectrum. The x-axis reflects 
the relative scale of the turbulence compared to building height, such that 
?̅?
𝑓𝐻
= 1 is the 
longitudinal scale that is about the same size as the roof height, while 
?̅?
𝑓𝐻
= 10 is scale 
that are an order of magnitude larger.  
The result shows that coherence functions are relatively high at the large scales, and 
decrease as the turbulence scale going smaller; at the scales of around 5~10 times of H, 
the coherence reaches a pure noise level (i.e., < 0.15). This trend holds for both the whole 
roof lift and the point pressures. Thus, gusts need to more than fully envelop the structure 
for there to be a correlation between the wind speed and surface pressure since L/H=3.4, 
where L is the length of the building. The averaging out of the small-scale fluctuations in 
the calculation of the lift clearly improves the correlation. Asymmetry can be observed 
for point B, C, and D, E, indicating that there might be a slight misalignment of the wind 




Figure 2-15 (a) Sketch of locations of six points along centerline. (b) 𝑪𝒉𝒇𝑸𝑺,𝒎 of six 
point pressures at the centerline of the flat roof, as well as the whole roof uplift. 
Figure 2-16 shows the coherence functions for all the gable and hip roofs for the same 
nominal wind direction. Similar to the flat roof, coherence is generally high at large 
scales and decreases as the turbulence scale going smaller. For the gable roofs, the trend 
of the curves matches it with the flat roof well, but the correlation coefficients generally 
drop by about 0.2 in magnitude. For the hip roofs, the correlation is slightly higher than 
the flat roof. The difference between point pressures is small, and the correlation is not 
improved for uplift after averaging. The results indicate that the correlation between the 
velocity and the pressure signals are much higher at large scales, but breaks as the 
fluctuation scale decreasing. Thus, the QS theory can’t capture the small-scale 
fluctuations. 
Figure 2-17shows the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of 6 point pressures as well as the whole-roof 
uplift of the flat roof, for wind direction parallel to the ridge (90o). For the point pressures 
on the centerline, the spectrum ratio is close to 1 (but smaller) at the large scales, and 
decreasing as the turbulence scale going smaller, while for the whole roof uplift, the 
magnitude of  𝑆𝑟𝑡𝑄𝑆,𝑚 increases at the small scales. At the scale of one building height, 
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the value of the spectrum ratio goes up to10, indicating that the fluctuation energy of the 
surface pressures is overestimated by the model in an order of magnitude.  
 
Figure 2-16: 𝑪𝒉𝒇𝑸𝑺,𝒎 of six point pressures along centerline of the gable and hip 




Figure 2-17: 𝑺𝒓𝒕𝑸𝑺,𝒎 of six point pressures along centerline of the flat roof, as well 
as the whole roof uplift. 
Figure 2-18 shows the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of gable and hip roofs. For the gable roofs, the 
trend of the functions are mostly similar to the flat roof, but with a smaller magnitude for 
point pressures. For the hip roofs, an up-going trend can be observed for some of the 
point pressures at scales between 5~30H, then the functions start to decrease. The results 
suggest that QS theory captures the fluctuation energy of the velocity signal relatively 
well at large scales, as the spectrum ratios are all close to 1. For point pressures, the 
fluctuation energy at small scale is underestimated by QS theory, indicating that the 
energy induced by small-scale “body-generated” turbulence is missed by the QS model. 
However, for the whole roof uplift, the fluctuation energy of small-scale turbulence is 
overestimated by the model, suggesting that the uncorrelated small-scale turbulence in 
measured signal for point pressures is removed during the process of area averaging. This 
effect of area-averaging is observed by Wu and Kopp (2016) as well, and explained by 
the “low-pass filter” theory first discussed by Letchford et al. (1993), that the area 
averaging of closely spaced point pressures acts like a low-pass filter of the individual 
point pressures removes the low-correlation/high-frequency portion of the fluctuation 
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energy from the pressure signal. The small-scale fluctuations in the velocity signal are 
uncorrelated to the surface pressures, and therefore, artificially amplifying the load when 
applied with the QS model.  
 
Figure 2-18: 𝑺𝒓𝒕𝑸𝑺,𝒎 of six point pressures along centerline of the gable and hip 
roofs, as well as the whole roof uplift. 
Most research agrees that QST works better for large-scale fluctuations, but fails to 
capture the effects of small scale, or “body generated” turbulence. The previous results 
prove that this conclusion hold for not only the flat roof, but also for gable and hip roofs. 
The boundary of applicability of QS theory should be between 5~10 times of building 
height, as this is the point that the coherence function reaches 0. Fluctuations smaller than 
this scale cannot be captured by the quasi-steady model. This is consistent with Wu and 
Kopp (2018). The boundary that the small-scale turbulence started to show up is, 
however, larger than that. At the scales of 20~30 H the coherence function has already 
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dropped to a very low level, and this is also the point where the spectrum ratio curve of 
the uplift starts to deviate. There’s an overlapping region between 5~30H, where both 
effects play a role.  
It is suggested by Wu and Kopp (2018) that the performance of QS theory, for example, 
correlation coefficients, can be improved by removing the uncorrelated small-scale 
portion of the fluctuation energy from the velocity signal, before taking it into the QS 
model. A moving-average filter, created by Asghari Mooneghi et al. (2016), is suggested 
to apply to 3 components of the measured velocity:  
                                            𝑢𝑠(𝑡) =
1
𝑁𝑠
∑ 𝑢(𝑡 + 𝑖 ∙ ∆𝑡)
(𝑁𝑠−1)/2
𝑖=−(𝑁𝑠−1)/2
                                (2-6) 
where the Ns is the window length size for smoothing (taken as an odd integer), u(t) and 
us(t) are original and filtered velocity components signal, and ∆t denotes the time step 
increment is calculated from:  
                                                             ∆𝑡 =
1
𝑛𝑠
                                                              (2-7) 
where ns denotes the sampling rate. The moving average window size can be determined 
based on choice of the cut-off length of the frequency response:  
                                                          𝑁𝑠 =
𝐿𝑐∙𝑛𝑠
𝑢𝑚̅̅ ̅̅ ̅
                                                             (2-8) 
Where 𝐿𝑐 is the selected cut-off length and 𝑢𝑚̅̅ ̅̅  denotes mean stream-wise velocity at the 
measurement location, which is taken as 5 times of the building height, as recommended 
by Wu and Kopp (2018) for this is the smallest turbulence length scale that the QS vector 
model can reach. The frequency response of the moving average filter and its 
applicability on velocity signal has been discussed in Wu and Kopp (2018). After 
applying the filter with cut-off length 𝐿𝑐, for length scales large than 20 times of 𝐿𝑐, the 
energy is unchanged for the velocity signal, while for length scales smaller than 20𝐿𝑐, the 
fluctuation energy is reduced. At the length scale 𝐿𝑐, the energy level reaches 0. For 
length scales smaller than 𝐿𝑐, the transfer function has very small values, but not 
necessarily 0. Therefore, it is not a perfect filter for frequency cut-off. However, results 
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from Wu and Kopp (2018) prove that it is sufficient to remove the uncorrelated 
fluctuation energy from the velocity signal, and to improve the performance of the QS 
vector model.  
Figure 2-19 shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚functions with filtered velocity 
for the gable 5:12 roof. For the coherence functions, little difference can be seen 
compared to the results with unfiltered velocity signal. For the spectrum ratio, the curve 
meets the turning point at the scale around 20H, and reaches 0 at the cut-off length of 
Lc=5H, as the fluctuation energy is removed by the filter. It worth noticing that between 
30H to 20H there is still an interval of increase and the value of the function is beyond 1, 
indicating the effects of the uncorrelated turbulence has occurred at this region.  
 
Figure 2-19: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 and (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 obtained with velocity frequency filter at 
cut-off length of Lc=5H for six point pressures at the centerline of the gable 5:12 
roof, O0 terrain, nominal wind direction 90o. 
Figure 2-20 shows the contour plot of the correlation coefficients between 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆, 
(i.e., 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚) with and without frequency filter for point pressures of the gable 5:12 
roof. It can be seen that after applying the moving average filter with cut-off length 
Lc=5H, the correlation coefficients for point pressures are generally increased by about 
0.1. This is consistent with the result on the flat roof from Wu and Kopp (2018). 
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Based on the previous analysis, it can be concluded that 5 times of the building height is 
the smallest turbulence scale that the quasi-steady approach can reach, and applying the 
moving average filter to the velocity signal at the cut-off length of L=5H can help 
improve the performance of the quasi-steady model. This conclusion holds for not only 
the flat model, but also gable and hip models. Therefore, for all the analyses for the 
performance of quasi-steady in the later chapter (primarily chapter 5), the filter is applied 
following the previous procedure to the velocity signal. However, the cut-off length 
Lc=5H does not filter out all the effects of body-generated turbulence due to the 
overlapping region as discussed previously and shown by Morrison and Kopp (2018), 
thus will be examined in greater detail in chapter 4.  
 
Figure 2-20: Contour of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 (a) unfiltered and (b) with frequency filter Lc=5H 









In this chapter, the experiments used in this thesis are introduced, which can be 
summarized as follow:  
 Tests are conducted for 1:50 TTU building with a flat roof, for 6 different 
upstream conditions, characterized by turbulence intensity and integral scales. 
Velocity signals are sampled by a Cobra probe located 1 roof height above the 
mid-point of the leading edge, synchronized with pressure measurements.  
 Similar to the flat roof model, tests are conducted for 4 gable and hip roofs with 
roof slopes varying from 5:12 to 12:12, for 3 different terrains characterized by 
turbulence intensity. Velocity signals are measured by Cobra probe at 1 eave 
height above the mid-point of the ridge. The QS vector model conducted using 
velocity at this location gives good predictions for pressure fluctuations on the 
suction regions of the leeward face, but underestimates the fluctuations energy of 
the positive pressure on the windward face.  
 The smallest length scale that the QS vector model can reach is about 5H, where 
H denotes mean roof height, while the largest scale that the body-generated 
turbulence can affect is up to 30H. Between these scales, there is an overlapping 
region that both mechanisms play a role. This conclusion holds for both the flat 
and the sloped roofs.  
 The uncorrelated small-scale fluctuations can be effectively removed by applying 
a moving-average filter to the velocity signals, with a cut-off length of 5H. After 
filtering, the performance of the QS vector model is improved.  
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Chapter 3  
3 A conditional-averaging method to obtain Quasi-Steady 
coefficients  
In the application of QS theory as a predictive model for the surface pressures on low-rise 
buildings, one of the challenges is to determine the function, Cp(θ, β). In this chapter, the 
earlier approaches to obtain QS functions are reviewed, and a modified method based on 
the conditional-averaging technique is proposed, which is simpler mathematically and 
requires less amount of data compared to the earlier methods.   
3.1 A review of earlier methods to obtain the Quasi-Steady 
model  
It is proposed by Richards et al (1995) that since the mean pressure coefficients are 
periodic in the wind azimuth angle θ, it can be fit to a function of Fourier series of order, 
N:  
                                             Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅ =  ∑ a𝑘̅̅ ̅coskθ̅
𝑁
𝑘=0 + b𝑘̅̅ ̅sinkθ̅                               (3-1) 
Here θ̅ is the nominal wind direction of pressure test in the wind tunnel. For every test 
case of θ̅, the mean pressure coefficient Cp̅̅̅̅  is calculated, and the Fourier coefficients  a𝑘̅̅ ̅ 
and b𝑘̅̅ ̅ can be determined by fitting the function using the least-squares method. This 
function represents the relationship between the mean pressure coefficients of a certain 
sampling time period (e.g. 10 minutes) and the corresponding mean wind direction.  
The instantaneous quasi-steady function, if assumed to be existing, can take a similar 
form:  
                                             Cp(θ) =  ∑ a𝑘coskθ
𝑁
𝑘=0 + b𝑘sinkθ                               (3-2) 
Here, θ and Cp(θ) denote the instantaneous wind azimuth angle and QS pressure 
coefficient. In practice, it is a common approach to assume that the instantaneous 
function is equal to the mean Cp function:  
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                                                       Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅ =  Cp(θ)                                                    (3-3) 
This assumption is used in many standards for its simplicity and efficiency as a first-order 
approximation, but it tends to underestimate peak values (Richards et al, 2004). The 
peaks of Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅  function turn to be flattened during due to the “smoothing effect” during 
the averaging process compared to the instantaneous curve. (Richards et al, 1995, 2004; 
Banks and Meroney, 2001). For a single pressure tap, the observed difference of 2 
functions at regions of lowest pressure can be up to about -0.25 (Richards et al, 1995). 
By assuming that the distribution of wind azimuth angle θ is Gaussian and that θ is 
statistically independent of the velocity pressure, the relationship between 2 functions can 
be expressed as (Richards et al, 1995; Banks and Meroney, 2001):   
                                 Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅ =
1
√2πσ𝜃




                (3-4) 
Here, σ𝜃 denotes the standard deviation of the wind azimuth angle, θ. Thus, if the 
statistics of θ is known, the instantaneous Cp(θ) function can be calculated by Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅  
based on equation (3-4). To achieve that, Richards et al (1995) suggests the following 
equation:  




2)                                         (3-5) 




2)                                         (3-6) 
Which directly relates the Fourier coefficients of equation (3-1) and (3-2) by the standard 
deviation of θ. 
Another approach is given by Banks and Meroney (2001). The idea is that, if the Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅  
function and the distribution of θ are both known, Cp(θ) can be achieved by an iteration 
method developed by Papoulis (1984) using equation (3-4). This method is utilized by 
Wu and Kopp (2016) as well, and the steps can be summarized as: first assume Cp(θ) is 
equal to Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅  and take it into equation (3-4), and calculate the residual ε by subtracting 
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the right hand side of equation by the left hand side; the Cp(θ) for iteration is then 
updated as:  
                                                    Cp(θ) = Cp(θ)old +
1
2
𝜀                                           (3-7) 
The residual can be minimized by repeating this step.  
To further include the effects of the elevation angle, 𝛽, a common approach is to treat it 
as a conditional function for a certain azimuth angle. Most research agrees that the 
pressure change due to elevation angle for low rise building roof is approximately linear 
(Letchford and Marwood, 1997; Sharma and Richards, 1999; Richards and Hoxey, 2004). 
Thus, the 2-variable Quasi-Steady function takes the form (Wu and Kopp, 2016): 
                                              Cp(θ, β) = Cp(θ, β̅) + B(θ)Δβ                                      (3-8) 
In this equation, β̅ represents the mean elevation angle, B(θ) denotes the gradient of Cp 
to β, as a function of θ: 
                                                        B(θ) = dCp/ dβ                                                   (3-9) 
And Δβ is the difference between the instantaneous elevation angle and the mean value:  
                                                          Δβ = β − β̅                                                         (3-10) 
The function of the gradient B(θ) can be obtained for discrete θ values by conditional 
averaging, where a linear fit of β and Cp is applied for data under conditions of fixed θ 
value, then fit by a Fourier series as well (Wu and Kopp, 2018):  
                                        B(θ) =  ∑ a2𝑘coskθ
𝑁2





3.2 Conditional-averaging technique 
It has been mentioned in the previous section that the mean Cp function, Cp(θ̅)̅̅ ̅̅ ̅̅ ̅̅  has 
smoothed peaks compared to the instantaneous QS function Cp(θ), and it can be 
explained as follow: supposed that Cp(θ) reaches a local peak at θ0, the values of the 
function for azimuth angles near θ0 would have lower magnitude; Cp(θ0̅̅ ̅)
̅̅ ̅̅ ̅̅ ̅̅ ̅ is obtained by 
averaging measured Cp time history in wind tunnel tests; since the instantaneous azimuth 
angle during the sampling process is fluctuating around θ0 due to the turbulent nature of 
wind, the magnitude of Cp(θ0̅̅ ̅)
̅̅ ̅̅ ̅̅ ̅̅ ̅ after averaging would be smaller than Cp(θ0).  
However, if the data from Cp time history with instantaneous azimuth angle very close to 
θ0 can be identified, and only these selected data are taken for averaging, the difference 
of it to the instantaneous function can be minimized. This brings the idea of the 
conditional-averaging technique. During this process, the Cp data with instantaneous 
azimuth angle falling into a band around θ0 are selected from the time history for 
averaging. Theoretically, the smaller the width of the band is, the closer the conditional-
averaged value will be to Cp(θ).  
This approach has been checked by Wu and Kopp (2018) on their test for the 1:50 TTU 
building with flat roof. The details of the tests are shown in section 2.1. Figure 3-1 shows 
the sketch of area-averaging cases of the tests, as well as the definition of the azimuth 
angle, θ. The procedures of obtaining the conditional-averaged Cp are described here.  
 
Figure 3-1: sketch of definition for area-average cases and wind directions 
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First, the magnitude, azimuth, and elevation angles of the velocity vector can be 
calculated by equations (1-14), (1-15), and (1-16). For data from different nominal wind 
directions cases, the nominal wind direction, 𝜃𝑛𝑜𝑚, is added into the azimuth angle to 
keep the data consistent:  
                                                   𝜃 = 𝑡𝑎𝑛−1 (
𝑣
𝑢
) +𝜃𝑛𝑜𝑚                                            (3-12)  
The original pressure coefficient is defined as pressure referenced by mean stream-wise 
velocity, shown by equation (1-1): 





                                                           (1-1) 
The instantaneous pressure coefficients, 𝐶𝑝𝑖𝑛𝑠𝑡, can then be obtained by re-referencing it 
to the filtered instantaneous velocity magnitude, V𝑠
2(𝑡):                              




                                      (3-13) 
The time series of 𝐶𝑝𝑖𝑛𝑠𝑡(𝑡) are then sorted for finite bins of fluctuating wind azimuth 
angles with 1o bands. For example, for the 45o group, data in it meets condition: 44.5o< 𝜃 
<45.5o. The data are then further sorted by 3 elevation bands: -45o < 𝛽<-2.5o, -2.5o 
< 𝛽<2.5o, and 2.5o < 𝛽<45o, to represent wind approaching from upward, horizontal and 
downward directions. Conditionally-averaged values can then be calculated by the taking 
average of the grouped 𝐶𝑝𝑖𝑛𝑠𝑡(𝑡) data. Figure 3-2 shows the results of conditional 
averages for a point tap (C-1, see figure 3-1) for 3 nominal azimuths (15o, 35o, and 90o) 
by Wu and Kopp (2018), compared with the Cp(θ, ?̅?) function obtained by the iteration 
method shown in Section 3.1.  
In figure 3-2 (a), the original velocity time history is used in calculation without filtering. 
It can be seen that the matching between scatters of 𝐶𝑝𝑖𝑛𝑠𝑡(𝑡) and the fit function is good 
at azimuth close to the selected θ̅, but less good as θ starts deviating from θ̅. Similar 
results have been observed by Banks and Meroney (2001) as well, while they called it a 
“hysteresis” effect due to the mismatch because the pressures are slow to respond to 
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instantaneous changes of wind direction. The effect of elevation angles is effectively 
captured by the conditional-averages since the 3 elevation-angle bands can be clearly 
distinguished.  
 
Figure 3-2: Conditional averages compared to QS function with (b) and without (a) 
frequency filter for a point pressure (C-1) in S15 terrain (Wu and Kopp, 2018).  
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In figure 3-2 (b), the moving average filter has been applied to the 3 components of the 
measured velocity signals following equation 2-6. The cut-off length, Lc, of 5H is 
selected, as discussed in Section 2.3. It can be seen that by filtering the velocity signals, 
matching between the scattered 𝐶𝑝𝑖𝑛𝑠𝑡 and the fit Cp(θ, ?̅?) function is clearly improved, 
especially when the azimuth deviates from the mean.  
To further investigate this method, the data from Wu and Kopp (2018) is taken to be 
analyzed in this study. Conditional averages of C-1for all 19 nominal wind directions are 
calculated based on azimuth angles, while the effects of elevation angle are not 
considered here but will be included in the next section. The frequency filter is applied to 
velocity signals. The band of the azimuth group is taken as 1o. It has been mentioned 
before that the accuracy of the conditional-averaging technique would theoretically be 
improved by minimizing the band length. However, it is also critical that the amount of 
data for each group is large enough to minimize the uncertainty during averaging. 
Therefore, the choice of 1o is a tradeoff between those 2 concerns. The final results of 19 
nominal directions are plotted in figure 3-3. The fit Cp(θ, ?̅?) from Wu and Kopp (2018) 
is plotted as well to compare. Data from different nominal directions are distinguished by 
color and marker shape, and the size of the marker displays the relative amount of data 
used in averaging.  
The results in figure3-3 show that for all 19 nominal wind directions, the envelope of the 
conditional averages roughly follows the QS function curve. Variation can be observed, 
especially when the amount of data for averaging is small. For data points with 
accumulation time less than 0.1 seconds (which is roughly equal to the integral time scale 
of this terrain), the curve can be very scattered even for data from the same nominal 
direction. As the averaging time increases, the variation is reduced. For data points with 
accumulation time larger than 1 second, the curves for a single nominal direction are 
generally smooth. Aside from that, mismatching between different nominal directions can 
be observed occasionally at the overlapping azimuth angles, even for data points with 
large averaging time. For example, at the wind direction of 60o, the difference can be up 
to 0.4, which is beyond the measurement uncertainty of the pressure coefficient (0.059 
for random error). This result indicates that the nominal wind direction does have effects 
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on the value of the QS pressure coefficients for some cases, part of which could be 
attributed to the difference in roof vortex structure that is locked into certain plow 
patterns, as suggested by Richards and Hoxey (2012). θ𝑛𝑜𝑚=0
o 
 
Figure 3-3: Conditional averages of C-1 for all 19 wind directions in S15 terrain. 
Based on the result of figure 3-3, it is possible to obtain the instantaneous Cp(θ, ?̅?) 
function directly from conditional averages. To achieve that, the 19 data sets from 
different nominal wind directions are merged into 1 single time series. This merging 
process is done to both the Cp time series and the velocity signal time series. The 
conditional-averaging technique shown before is then applied to the merged time series. 
Figure 3-4 shows the results of C-1 with and without the frequency filter, and compared 
with the Cp(θ, ?̅?) function by iteration method.  
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The results show that the 𝐶𝑝𝑖𝑛𝑠𝑡 scatters falls on one single curve smoothly, and the trend 
matches the Cp(θ, ?̅?) function well. At the negative peak around 75o, the magnitude of 
scattered 𝐶𝑝𝑖𝑛𝑠𝑡 is smaller than the fit function, but the difference is small (less than 0.1). 
This suggests that the conditional-averaging approach is smoothing the data to some 
extent with a relative difference of about 8%. This is out of the measurement uncertainty 
of pure random error (0.059), but is still within the full measurement uncertainty (0.15), 
which is recommended to use when comparing results with different tests. Therefore, the 
difference due to the smoothing effects is not significant. This difference is reduced by 
applying the frequency filter to the velocity signal, but the improvement is minor. In fact, 
the results of  𝐶𝑝𝑖𝑛𝑠𝑡 with and without frequency filter are almost identical.  
 
Figure 3-4: Conditional averages of C-1 with and without the frequency filter in S15 
terrain. 
It worth noticing that the justification of the conditional averages here is based on the 
results of the fitted curve, which might not be appropriate because the iteration method 
also has uncertainty. For example, Figure 3-5 shows the results of fit curve by Wu and 
Kopp (2016) and Richards et al. (1995), where wobbles can be observed (see red circles), 
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which might be caused by overfitting. In fact, the conditional averaging approach is 
directly from the concept, and is more simple and straightforward mathematically 
compared to the iteration method, while the latter one is based on several additional 
assumptions.  
 
Figure 3-5: Example of QS function obtained by iteration method from Wu and 













3.3 Effects of elevation angle 
To include the effect of wind elevation angle, β, the conditional-averaging approach for 
merged time series is then extended to elevation angle: the combined Cpinst data of 19 
nominal wind directions is divided into 5 groups with the same size based on the 
cumulative distribution of the elevation angle data 𝛽. E.g., define E_20, E_40, E_60 and 
E_80 as the 20, 40, 60, and 80 percentile of 𝛽. The first group will be all the data that 
satisfy the condition of 𝛽 ≤E_20, and the second group will be data satisfying 
E_20< 𝛽 ≤E_40, and so on. This strategy is to make sure the total amount of data for 
each group is roughly equal so that the error due to insufficient data in averaging can be 
minimized. Figure 3-6 shows the joint distribution of 𝛽 and θ with a schematic sketch of 
the grouping strategy for all nominal wind directions of S15 terrain.  
 
Figure 3-6: Scatter plot of 𝜷 and 𝛉 with schematic sketch of grouping for all wind 
directions in S15 terrain. 
For every elevation group, the conditional-averaging technique is applied following the 
procedure shown in the previous section. This approach is applied with both filtered and 
unfiltered velocity signals to the panel C-16 in S15 terrain, and the results are plotted in 
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figure 3-7. It can be seen that for data with unfiltered velocity, the conditional average 
scatters of different elevation groups can be distinguished clearly. Compared to the 
results of data filtered by Lc=5h, the maximum difference is smaller than 0.05, and 
therefore, insignificant. This is contrary to the observation made by Wu and Kopp (2018) 
and Banks and Meroney (2001), that the effects of elevation angle captured by 
conditional-averaging can be improved significantly by applying the frequency filter to 
the velocity signal as well. 
 
Figure 3-7: Conditional averages by 5 elevation groups obtained with and without 
the frequency filter for panel C-16 in S15 terrain. 
One of the reasons for the limited difference made by the frequency filter might be the 
increasing amount of data available in conditional-averaging by merging dataset from all 
nominal directions. Figure 3-8 shows the time of data accumulation for 2 elevation 
groups of the previous case. It can be seen that even for the smallest group, the data 
accumulation time is close to 2 seconds, which is much larger compared to the data from 
a single nominal wind direction (figure 3-2), which is much smaller than 1 when θ is 
distant from θ̅ (noting that it is when θ deviates from θ̅ that the frequency filter start to 
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make a big difference). This result suggests that the error due to small-scale turbulence 
can be minimized in conditional-averaging if the amount of data available is large 
enough, and the application of the frequency filter might not be necessary. 
 
Figure 3-8: Distribution of data accumulation time of 2 elevation angle groups for 
panel C-1 in S15 terrain.  
The conditional average scatters of each elevation group can be then fit to smooth curves 
as the Cp(θ, β) function of the QS vector model (shown in figure 3-9). Ideally, the ability 
of the QS model to capture the elevation effects would be improved by increasing the 
number of groups, but the uncertainty in the averaging process will also be increased as 
the amount of data in each group decreasing. This uncertainty can be aggravated by the 
non-uniform distribution of elevation angle versus azimuth. Ideally, the distribution of 
azimuth and elevation angle should be statistically independent for undisturbed flow. 
However, it can be seen from figure 3-6 that there is clearly a trend in the distribution of 
β versus θ, which has been discussed in chapter 2. These effects can be attributed to the 
disturbance of the flow field due to the appearance of the building model. The change of 
nominal wind direction alters the local aerodynamics, and therefore changes the 
distribution of β. As a result, the amount of data available varies significantly by angle. 
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i.e., in figure 3-8, the amount of data for the 𝛽 ≤E_20 group at θ around 0o is much 
larger than 90o, while for the 𝛽 >E_80 group it is reversed. This effect is more significant 
for flatter terrain with less turbulent fluctuations. Figure 3-10 shows the joint distribution 
of θ and β for the F0 terrain. It can be seen that compare to the S15 terrain (figure 3-6), 
the trend of β distribution versus θ becomes more significant. Figure 3-11 shows the time 
of data accumulation for 2 elevation groups for the F0 terrain. It can be seen that 
compared to the S15 terrain (figure 3-8), the uneven distribution of data is aggravated. 
i.e., for the 𝛽 >E_80 group, the data accumulation time is relatively small (much smaller 
than 1 second) at azimuths of 0o~30o, while for the 𝛽 ≤E_20 group, this lack of data 
occurs at azimuths of 60o~90o. As a result, the quality of conditional averages at those 
angles is compromised. Figure 3-12 shows the conditional averages of the F0 terrain. It 
can be seen that for the 𝛽 >E_80 group, the curve is very scattered visibly, showing 
uncertainty due to lack of data. Similar results can be observed for the 𝛽 ≤E_20 group at 
azimuths of 60o~90o. 
 
Figure 3-9: Conditional averages and the fit 𝑪𝒑(𝜽, 𝜷) function by 5 elevation groups 




Figure 3-10: Scatter plot of 𝜷 and 𝜽 with schematic sketch of grouping for all wind 
directions in F0 terrain. 
 
Figure 3-11: Distribution of data accumulation time of 2 elevation groups for C-16 




Figure 3-12: Conditional averages by 5 elevation groups for C-16 in F0 terrain. 
Another approach to consider the effect of elevation angle is to basically follow the idea 
of Wu and Kopp (2018): assuming that the relation between Cp and β e is linear, and 
considering it as a dependent function of the azimuth (linear fitting approach).  Figure 3-
13 shows the conditional averages for C-1 of data with all elevation angle, and the 
Cp(θ, β̅) function fit from it.  
For every azimuth group, the gradient of Cp to β is calculated from equation (3-9). The 
scattered gradient values are then fit to a continuous function, B(θ), shown in figure 3-14. 
The QS vector model can then take the form of equation (3-8).  
One advantage of this approach is that the amount of data available is larger for every 
azimuth groups, since the grouping of elevation angle is not applied, which makes it 
possible to shorten the sampling time in the wind tunnel test. In Figure 3-15, the 
conditional averages (a) and the dCp/ dβ gradient (b) calculated using different lengths 
of data are plotted to compare. The result shows that with the sampling time of 60 
seconds for every nominal wind direction, the scatters have already converged to a 
smooth curve, and increasing the sampling time makes little difference to the result. This 
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suggests that for the previous approach, a 1-minute sampling length in the wind tunnel 
for every wind direction will be sufficient to obtain the QS function.  
 
Figure 3-13: Scattered 𝑪𝒑𝒊𝒏𝒔𝒕 and the fit 𝐂𝐩(𝛉, ?̅?) function of C-1 in S15 terrain. 
 
Figure 3-14: 𝒅𝑪𝒑/ 𝒅𝜷 gradient and the fit function 𝑩(𝜽) for C-1 in S15 terrain. 
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In this thesis, the analysis in chapter 3 is done using the extended conditional-averaging 
approach for the elevation groups, while all other analyses are done with the linear fitting 
approach.  
 
Figure 3-15: Comparison of (a) 𝑪𝒑𝒊𝒏𝒔𝒕 and (b) 𝐝𝐂𝐩/ 𝐝𝛃 gradients with different 
data accumulation time. 
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3.4 Summary  
In this chapter, the earlier approaches to obtain QS functions from literature are reviewed, 
and a modified method based on a conditional-averaging technique is developed. 
Following conclusions can be made: 
1. The conditional-averaging technique provides smooth curves at the azimuth band 
of 1o. The curve is similar to the QS function obtained by traditional approaches. 
Differences exist for the resulting Cp(θ, β̅) function due to the “smoothing 
effect”, but is within a magnitude of about 0.1, which is within the full 
measurement uncertainty and not significant in this study.  
2. For combined data set of all nominal wind directions, the application of frequency 
filter makes limited difference to the result of conditional averages, since the 
effect of uncorrelated small-scale fluctuations are removed by averaging when the 
amount of data is large enough (e.g., 2 seconds accumulation time for each group 
of averaging).  
3. Effect of elevation angle can be effectively captured by the conditional-averaging 
technique. Two approaches have been checked to include the elevation effect into 
the QS model:  
(i) Extended conditional-averaging to elevation angle (method 1): creating 
discrete curves for different elevation angle groups. The effects of 
elevation angle can be captured effectively. The quality of the function 
can be affected by uncertainty due to a small amount of data, which is 
caused by non-uniform distribution of 𝛽 and θ caused by the presence 
of the building model. This effect is more significant for terrains with 
lower turbulence level, suggesting that testing with high turbulence 
intensity may be more practical for conducting the QS vector model. 
(ii) Linear fit approach (method 2): assuming the effects of elevation angle 
is linear and can be treated as a dependent function of the azimuth. The 
sampling time for each nominal wind direction in the wind tunnel can 
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be reduced since the amount of data in averaging is increased without 
grouping for elevation angle. In this case, 1 min sampling for each 
nominal wind direction is enough for averaging to converge and provide 
good results. 
Both methods work fine when the amount of data is sufficient. In this thesis, 
method 1 is used in chapter 4, and method 2 is used in chapters 2, 5, and 6. 
However, method 2 is recommended for future study since it requires a smaller 




Chapter 4  
4 A partial-turbulence method to estimate pressure 
variations and peak pressure coefficients 
In this chapter, a new method of estimating peak pressure coefficients on low rise roof is 
developed based on the partial-turbulence approach. The pressure component due to the 
large-scale velocity fluctuations is calculated by the quasi-steady model, applying the 
frequency filter to the velocity signal, and the pressure component that is induced by 
small-scale and body-generated turbulence is obtained by subtracting the quasi-steady 
part from the original pressure time history. The distribution of the small-scale pressure 
component is studied and fit to a statistical model, and then a Monte-Carlo model is 
created for estimating the peak pressure coefficient. 
4.1 Pressure decomposition  
The approach here is based on the concept that there are two parts to the wind load: a 
larger-scale component, which is based on (i) the stochastic variations of the large-scale 
portion of the wind field together with the deterministic QS pressure coefficients 
(obtained in the presence of the small-scale turbulence); and (ii) a smaller-scale 
component due to the combination of the smaller-scale atmospheric turbulence and the 
body-generated turbulence. Note that this point is subtly different than the usual Partial 
Turbulence Simulation (PTS) method, where the aerodynamic coefficients are 
determined using a wind tunnel simulation with missing large-scale turbulence, and then 
making corrections to the large-scale turbulence to obtain the correct loads. In contrast, 
here, we develop a method to correct for the missing portion of the peak loads for areas 
associated with component and cladding elements due to body-generated and small-scale 
turbulence. Of course, this is often necessary in the context of using PTS. Thus, the 
desired solution for estimating peak pressures under a known wind field is obtained by 
combining a model for the pressure induced by the smaller-scale turbulence, plocal, 
together with the QS model for the pressure due to the larger-scale turbulence, which 
takes the form:  
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                                     𝛥𝑝(𝑡) =
1
2
𝜌𝑉(𝑡)2𝐶𝑝(𝜃, 𝛽) + 𝑝𝑙𝑜𝑐𝑎𝑙                  (4-1) 
In this model, the large-scale portion of pressure fluctuation is a deterministic process 
dependent on filtered velocity signal and calculated by the quasi-steady vector model, 
and the small-scale (local) part of the pressure is considered as a stochastic process and 
can be treated as a random variable mathematically.  
The data of TTU building with flat roof tested by Wu and Kopp (2018) is taken for 
analysis, a relatively large area-average case contains 16 pressure taps is selected for 
study, named as C-16 (figure 3-1), and the construction of the QS model for it has been 
discussed in section 3.2. The quasi-steady vector model is conducted following the 
conditional average technique for both azimuth and elevation angle, an example of the 
function is showed in figure 3-7.  
Once the quasi-steady function 𝐶𝑝(𝜃, 𝛽) is determined, the pressure decomposition can 
be applied by re-arranging equation (4-1):  




2(𝑡)𝐶𝑝(𝜃, 𝛽)                                     (4-2) 
Here, V𝑠
2(𝑡) is the velocity signal filtered by equation (2-4), and 𝑝𝑙𝑜𝑐𝑎𝑙 denotes the 
pressure components caused by the local (small-scale) aerodynamics. Thus, this pressure 
component should be statistically uncorrelated with the pressure component that is 
calculated by quasi-steady theory, presuming that there are no frequencies overlapping 
these two bounds.  
One important assumption here is that the two pressure components are statistically 
independent of each other, which requires the cut-off length of the frequency filter for 
V𝑠
2(𝑡) to be selected precisely as the boundary between the two mechanisms. 5H is 
believed to be the smallest turbulence length scale that the QS model can reach to (Wu 
and Kopp, 2018), however, there is an overlapping region of length scale up to 20~30H 
where both the quasi-steady and the local aerodynamics have effects on the pressure 
fluctuations (Morrison and Kopp, 2018). In other words, an exact boundary to be taken as 
the cut-off length of the moving-average filter doesn’t exist. Analysis in section 2.3 
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shows that this conclusion holds for buildings with not only the flat roof, but also gable 
and hip roofs. Thus, the selection of the cut-off length here should keep the correlation 
between two pressure components as low as possible.  
The correlation coefficients between the local part (𝑝𝑙𝑜𝑐𝑎𝑙) and the quasi-steady part of 
the (𝑝𝑄𝑆) pressure components with different cut-off lengths of the velocity frequency 
filter are calculated and plotted in figure 4-1for the selected area, C-16. It can be seen that 
for lengths of 5 times of the building height, which is recommended by Wu and Kopp 
(2018), a significant negative correlation (0.2~0.3 in magnitude) between the two parts is 
observed. As the cut-off length increases, the negative correlation decreases. At about 30 
times of the building height, the correlation is close to 0 (within ±0.05); after that, a 
positive correlation increases. Therefore, the cut-off length Lc for  V𝑠
2(𝑡) in equation is 
taken as 30h for this chapter. 
 
Figure 4-1: Correlation coefficients between 𝒑𝒍𝒐𝒄𝒂𝒍 and 𝒑𝑸𝑺 for different cut-off 
lengths for case C-16, nominal wind direction 90o, O0 terrain. 
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Figure 4-2 shows the power spectral density of the two pressure components for case C-
16. The x-axis is the normalized length scale defined in equation (2-5). It can be seen that 
the 𝑝𝑄𝑆curve is an order of magnitude smaller at 
𝑢
𝑓𝐻
= 30  (the cut-off length), indicating 
that the fluctuation energy is filtered out. Figure 4-3 shows the coherence function 
between 2 components calculated by equation 2-1. The coherence function is 
approximately 0 (i.e., <0.15) at small scales (
𝑢
𝑓𝐻
< 10), indicating that the two signals are 
uncorrelated. However, at scales larger than the cut-off length at 
𝑢
𝑓𝐻
= 30, the value of 
the coherence function reaches about 0.4~0.5, indicating that a correlation does exist for 
the large scales, which may be due to variation in the quasi-steady coefficient for which 
the QS model does not account. Thus, the assumption that the two pressure components 
being statistically independent is not perfect.  
 
Figure 4-2: Power density spectral of 𝒑𝒍𝒐𝒄𝒂𝒍 and 𝒑𝑸𝑺 for case C-16, nominal wind 




Figure 4-3: Coherence function between 𝒑𝒍𝒐𝒄𝒂𝒍 and 𝒑𝑸𝑺 for case C-16, nominal wind 











4.2 Probability distribution and normalization of 𝑝𝑙𝑜𝑐𝑎𝑙 
Since the local component of the pressure fluctuations is assumed to be a stochastic 
process, only the probability distribution is required for it to fit a statistical model. Figure 
4-4 shows the cumulative density function of 𝑝𝑙𝑜𝑐𝑎𝑙/𝜌 for the 6 different terrains, 
calculated by equation (4-2). It can be seen that the shapes of the distribution are similar, 
but the magnitude is clearly terrain-dependent. Thus, terrains must be considered in order 
to account for different upstream conditions.  
 
Figure 4-4: CDF functions of 𝒑𝒍𝒐𝒄𝒂𝒍/𝝆 for 6 different terrains for panel C-16. 
The ideal normalization for these distributions accounts for the body-generated 
turbulence (in addition to the terrain), which is challenging and (perhaps) impractical. For 
example, Akon (2017) shows that the body-generated turbulence is correlated with the 
instantaneous circulation in the separation bubble, which is not a parameter that is 
generally available. However, it is shown in Akon and Kopp (2018) and Morrison and 
Kopp (2018) that the turbulence in separated shear layers near the roof edge depends on 
the inflow turbulence to a great extent. Thus, it is considered that a turbulence parameter 
from the upstream flow to be used as a proxy for shear layer vorticity or circulation. In 
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this study, the turbulence kinetic energy is selected since it is representative of turbulence 
caused by the terrain of the upstream flow, and that it has the same dimension as the 
velocity squared, so that it is convenient to make the 𝑝𝑙𝑜𝑐𝑎𝑙 non-dimensional. The 
turbulence kinetic energy, k, is defined as:  
                                                𝑘 =
1
2
[(𝑢′)2̅̅ ̅̅ ̅̅ ̅ + (𝑣′)2̅̅ ̅̅ ̅̅ ̅ + (𝑤′)2̅̅ ̅̅ ̅̅ ̅]                                      (4-3) 
Here, 𝑢′, 𝑣′, and 𝑤′ are the fluctuation parts of the three velocity components. It is 
further normalized by the magnitude of the instantaneous quasi-steady function 
|𝐶𝑝(𝜃, 𝛽)|. The purpose of this step is to make the new coefficient independent of the 
nominal wind direction, since |𝐶𝑝(𝜃, 𝛽)| is known to be a function of wind direction. So, 
we define R as the non-dimensional local pressure coefficient:  
                                                       𝑅 =
𝑝𝑙𝑜𝑐𝑎𝑙
𝜌×𝑘×|𝐶𝑝(𝜃,𝛽)|
                                                     (4-4) 
Figure 4-5 shows the CDF of R as a function of nominal wind directions while figure 4-6 
depicts the parent distribution of R for the 6 different terrains for all wind directions. It 
can be seen that, after normalization, R for the different nominal wind directions and 
different terrain yields, very approximately, one distribution. The distributions match 
well in the central portions with differences only in the tails. Thus, the assumption that 
the coefficient R is independent of nominal wind direction and terrain conditions may be 
reasonable (although imperfect), and an empirical statistical model can be fit to represent 
it for different terrains and wind directions.  
It can be seen from figure 4-6 that the CDF of R has a Gaussian shape in the central 
portion (noting that it is plotted on normal probability paper, where the Gaussian 
distribution is a straight line), but with much heavier tails at both ends. This shape 
matches the characteristic of the 3-parameter T location-scale (or student T) distribution, 
the PDF of which takes the form: 















2                                      (4-5) 
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Here, 𝑓(𝑥) denotes the probability density function, Γ(•) is the Gamma function, 𝜇 is the 
location parameter (that equals the mean), 𝜎 is the scale parameter, and 𝜈 is the shape 
parameter. Since there is no theoretical background for the statistics of R, the selection of 
the T-scale distribution is based on the consideration for tradeoffs between accuracy in 
matching shape and simplicity. The distribution is much better than the Gaussian 
distribution in representing the heavy negative tail of the original distribution, which 
could be critical in obtaining extreme values. In addition, it is still relatively simple in 
form (only 3 parameters). Figure 4-7 shows the fitting results using the method of 
moments. The fit matches well in the central portions and the negative tail of the 
distribution, but less well for the positive side due to the asymmetry of the original 
distribution. Since it is the peak negative pressures that are of concern, the deviation for 
the positive values is likely to not affect predictions of extreme loads. However, it worth 
noting that there are considerable differences in the negative tail of the distributions in 
figure (4-6), especially below probability levels of 0.0001, and the fit distribution lies 




Figure 4-5: CDF functions of R break down by nominal wind directions for 6 





Figure 4-6: CDF functions of normalized R for 6 different terrains for all nominal 
wind directions for panel C-16. 
 
Figure 4-7: Fit T-scale distribution for R for panel C-16. 
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To check the effects of panel area and location on the R distribution, the same approach 
has been applied to three different areas, including a 9-tap panel on the corner area (C-9) 
and two 16-tap panels on the front (L-16) and back (R-16) side of the middle roof. For 
nominal wind directions of both 0o and 90o, area C-9 is located in the high suction area 
within the separation bubble, similar to C-16. The area R-16 is located in the 
reattachment region, while area L-16 is in the separated flow for 90o but subject to flow 
reattachment at 0o. A schematic sketch is shown in figure (4-8). 
 
Figure 4-8: Sketch of definition for area-average cases and wind directions. 
Figures (4-9), (4-10), and (4-11) show the CDF functions of R by the nominal wind 
directions at different terrains for the area C-9, L-16, and R-16. It can be seen that the 
result of C-9 is similar to C-16, where the CDF functions of R from all nominal wind 
directions approximately yield one function after normalization, while for the other two 
areas, the differences due to wind direction are large. For L-16, the result at around 90o 
roughly matches the fitted distribution of C-16 in order of magnitude but starts to deviate 
for nominal directions approaching 0o. For R-16 there is no pattern to be observed. This 
result indicates that the statistical model of R works for panels located in the suction 
region near the separated flow, but fails for panels located after the reattachment point. 
One of the reasons might be that the statistical model for R only works when the QS 
model itself works sufficiently well. Wu and Kopp (2018), analyzing the momentum 
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equation and the QS assumptions, have shown the conditions under which the QS model 
works well but show that it breaks down for the region of reattached flow. 
 
Figure 4-9: CDF functions of R break down by nominal wind directions for 6 





Figure 4-10: CDF functions of R break down by nominal wind directions for 6 





Figure 4-11: CDF functions of R break down by nominal wind directions for 6 





Figure (4-12) shows the R distribution of panel C-9 under the different terrains for data 
from all directions, and compared with the fitted T-scale distribution obtained for C-16. 
The results show that the data from C-9 matches the fitted distribution for C-16 
reasonably well, indicating that this range of size of panel area has little effect on R 
distribution. 
 
Figure 4-12: CDF functions of normalized R for 6 different terrains of all nominal 








4.3 Estimation of peak pressures  
Once the empirical distribution of the local pressure components has been determined, 
the peak pressure coefficient can be estimated by combining it with the quasi-steady 
model using either analytical methods or Monte-Carlo approaches. In this study, a 
Monte-Carlo model is created because of its computational simplicity. The basic steps are 
shown in figure (4-13). 
 
Figure 4-13: Basic steps of estimating peak pressure coefficient using R model and 
QS vector model by Monte-Carlo approach.  
The time history of pressure coefficients can be calculated with the following equation:  




2(𝑡) × 𝐶𝑝(𝜃, 𝛽) + 𝑅𝑟 × 𝑘 × |𝐶𝑝(𝜃, 𝛽)|                   (4-6) 
79 
 
where 𝑅𝑟 is a random variable sampled from the empirical distribution (shown in figure 
4-7), 𝑉𝑠(𝑡) is the velocity time history measured from the experiment, filtered by equation 
(2-4), k denotes turbulence kinetic energy determined by terrain. 
Figure 4-14 shows an example of 3-second time history of the V𝑠(𝑡) signal, and figure 4-
15 is an example of 3-second Cp time history calculated by the combined Monte-Carlo 
model, compared with the QS vector model and the measured data. It can be seen that the 
trend of QS predicted Cp is almost identical to the V𝑠(𝑡) signal, and matches the 
measured Cp well on the large scales, but the small-scale fluctuations in the measured 
data are missing. For the combined Monte-Carlo model, the trend of time history matches 
the measured data well on the large scales, while the small-scale fluctuations do not 
match, but are of a similar order of magnitude compared to the measured data. Therefore, 
the Monte-Carlo model can only fill the gap of missing fluctuation energy for the small-
scales, but cannot provide realistic predictions for the time history.  
Figure 4-16 shows the pdf of the Cp time history calculated by the Monte-Carlo model, 
for the nominal wind direction of 85o. Comparison is made between measured data, 
filtered quasi-steady model and the combined Monte-Carlo model. In the quasi-steady 
model, the pressure is calculated by the same filtered velocity signal:  




2(𝑡) × 𝐶𝑝(𝜃, 𝛽)                                         (4-7) 
It can be seen that the filtered QS model underestimates peak values significantly at both 
positive and negative tail, while the combined model indicates a reasonable match for the 
negative tail up to a 0.0001 probability of non-exceedance for all of the terrains 
examined. A mismatch occurs for the positive tail of the combined model, partly due to 
the imperfect assumption that the local and QS pressure components being statistically 
independent and the mismatch in the R distribution fitting. 
The peak pressure coefficient can be directly estimated from the probability density 
function of step 2; however, the calculation is complicated. Another approach is to repeat 
the calculation of the Monto-Carlo model defined by equation (4-6), and obtain the single 
extreme value of the negative pressure from the resulting Cp time history for every 
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calculation. Since the upstream wind is assumed to be a stationary process, the single 
negative peaks calculated by repeating (4-6) could follow one of the three extreme value 
distributions, if the sampling period is long enough.  
Figure 4-17 shows some of the resulting CDF by repeating the Monte-Carlo model 
defined by equation (4-6) for 1 case (S15, 85o). The resulting CDF barely changes at the 
probability level between 0.0001 and 0.9999, while the single extreme value does show 
differences case by case. Figure 4-18 shows the distribution of single minimum values for 
100 runs for this case, which matches the type 1 extreme value distribution (Gumbel) 
well.  
 
Figure 4-14: Example of 3-second time history of 𝐕𝒔(𝒕) signal. 
 
Figure 4-15:Example of 3-second time history of Cp signal from measured data, QS 





Figure 4-16: Comparison of CDF functions of Cp between measured data, QS vector 






Figure 4-17: Results of CDF functions of Cp for 6 repeated calculation result of the 




Figure 4-18: Distribution of single minimum values for 100 repeating of the Monte-
Carlo Model in S15 terrain at nominal direction of 85o. 
To justify the prediction results of the peaks, extreme value analysis is applied to the 
single minimum values of the Monte-Carlo following the observed peak approach. For 
each nominal wind direction case, the Monte-Carlo model is repeated 100 times, and the 
minimum values of each are identified, and fitted to the 2-parameter Gumbel distribution 
using the Lieblein “best linear unbiased estimator” (BLUE) method (Lieblein, 1974). For 
measured and QS-predicted pressure time histories, a similar approach is applied. The 
time history of the pressure coefficients is divided into 10 segments of equal length, and 
the single minimum values are obtained and fit to a Gumbel distribution using the 
Lieblein BLUE method. The Gumbel distributions are then converted to the same 
reference period length using the equations developed by Cook and Mayne (1979):  
                                                         𝛼𝑇 = 𝛼𝑡                                                            (4-8) 
                                                  𝑈𝑇 = 𝑈𝑡 + ln (
𝑇
𝑡
) /𝛼𝑡                                              (4-9) 
where t and T denote the reference time period before and after conversion (T>t), and α 
and U are the Gumbel distribution parameters. In this case, the time period is taken as 1 
minute in model scale. The 99% probability of non-exceedance minimum pressure 
coefficients are taken from the distribution and plotted versus wind directions for all 6 




Figure 4-19: 99% probability of non-exceedance Cp in 1-minute time period for all 6 
terrains. 
The results in figure 4-19 indicate that the QS model underestimates the peak Cp 
significantly, while the combined model gives almost identical predictions for most 
terrains except for the F0 case, where the peaks are overestimated.  
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In the previous sections, the justification of probability distributions is made generally 
based on qualitative observation of the CDF functions. To further assess the similarity 
between R distributions and the fit statistical model, some quantitative analyses is 
provided below.  
It can be observed that most of the CDF functions of R have similar shapes with zero 
mean values, thus, the standard deviation can be an effective measure to justify the 
differences. For example, the standard deviations of the 𝑝𝑙𝑜𝑐𝑎𝑙 data (shown in figure 4-4) 
for the F0 and S15 terrains are 23.25 and 44.43, with a relative difference of 91%, while 
those values of normalized R data (shown in figure 4-6) are 13.57 and 13.22, with the 
relative difference drops to only 3%. This proves that the difference between the 2 
distributions is effectively reduced by the normalization procedures. It also works for 
data from different nominal wind directions. For example, for the C-16 panel at S15 
terrain (shown in figure 4-5), the standard deviations of 19 cases vary from 10.79 to 
14.89, and the maximum relative difference is 38%, which implies that the difference due 
to nominal wind directions does exist, although the predicted result of peaks suggests that 
this level of difference is acceptable. For comparison, the standard deviations of the R-16 
panel at the S15 terrain (shown in figure 4-11) vary from 16.99 to 52.67, with a relative 
difference is up to 284%. 
In addition, the 1-Wasserstein distance (also known as the Earth Mover’s distance) is 
considered, which a measure of the distance between 2 probability distributions. For the 
given distributions a and b, the 1-Wasserstein distance, 𝑊𝐷, can be calculated as:  
                                             𝑊𝐷 = ∫ |𝐴𝑐𝑑𝑓(𝑥) − 𝐵𝑐𝑑𝑓(𝑥)|
∞
−∞
𝑑𝑥                                (4-10) 
where 𝐴𝑐𝑑𝑓 and 𝐵𝑐𝑑𝑓 denote the CDF functions of a and b. The value of 𝑊𝐷 ranges from 
0 to infinite, and a smaller value of 𝑊𝐷 implies a better match between the 2 
distributions. For example, the 𝑊𝐷 between the 𝑝𝑙𝑜𝑐𝑎𝑙 data (figure 4-4) of F0 and S15 
terrains is 15.71, while for the R data (figure 4-6) it is 0.94. To assess the similarity 
between the fit statistical model and the distributions of raw data, the 𝑊𝐷 values between 
the fit model (shown in figure 4-7) and each of the distributions in figure 4-5 (a total of 
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6×19=114 cases) are checked. All the 𝑊𝐷 values are smaller than 3, with a maximum 
value of 2.86 (F0 terrain, 5o). Based on the predicted results of the peak pressure data, it 
is suggested that a 𝑊𝐷 value smaller than 3 generally implies an acceptable statistical 
model. As a comparison, the 𝑊𝐷 value between the fit model and the data of the R-16 
panel at S15 terrain, 0o is 30.67, which is 10 times of the limit. Thus, the fit model does 
not hold for that case.  
It was discussed earlier that the CDF functions of R for different cases match relatively 
well at the central portion, but the difference increases at the negative tail with the 
probability going smaller. For example, the maximum difference between the CDF 
functions in figure 4-6 is 3.99 (12% relative) for the 1% quantile, and it increases to 
19.91 (33% relative) for the 0.01% quantile. To assess the significance of this difference 
on the prediction of peak Cp, the following approach has been made: the predicted Cp 
time history from step 2 (figure 4-13) is divided into segments of 1 minute, and the R 
values from each single extremes during the 1 minute period are identified. This step is 
repeated 10,000 times, and the probability density function of those R values is plotted. 
Figure 4-20 shows the result of the C-16 panel in the S15 terrain and 90o. It can be seen 
that the majority of them fall between 50 and 100, with a median value of around 80. 
This roughly corresponds to a probability of 0.0001 in the CDF functions. Therefore, the 
0.01% quantile of the CDF function is considered to be a parameter to assess the R 
distributions, which has a value of -73 from the fit model. For the distributions shown in 
figure 4-7 for panel C-16 in different terrains and different nominal wind directions, the 
difference of 0.01% quantile between data cases and the fit model can be up to ±30, 
which is a considerable difference. Since the results from figure 4-19 also confirm that 
this model gives good predictions for peak pressure coefficients at the non-exceedance 
level of 0.99 for a 1 minute period, it is suggested that for distributions with 0.01% 
quantiles varying between 50~100, the model is generally acceptable. However, this is 
only an empirical conclusion since the relationship between R distributions and the 
targeting peak Cp is non-linear, and it requires further research to reveal the sensitivity of 




Figure 4-20: Probability density function of R corresponding to single extreme 
negative Cp in 1 minute time period for the C-16 panel, nominal wind direction of 











In this chapter, data from the 1:50 scaled TTU building with a flat roof, tested in the 
BLWTL at UWO, is used for analysis. Six different upstream terrain conditions were 
used, characterized by turbulence intensity and integral scale (Wu and Kopp, 2016). The 
study considered a relatively large area-average (compared to single taps) case in the roof 
corner (C-16). A new method was developed to estimate the peak pressure coefficients 
based on concepts from quasi-steady theory and partial turbulence simulation. This 
involves separating pressure coefficient fluctuations into two uncorrelated distributions, 
i.e., one which is directly related to the large-scale upstream velocity fluctuations and the 
other which is related to the body-generated turbulence and small-scale wind turbulence. 
The former distribution is obtained via quasi-steady methods, which on its own, leads to 
inaccurate estimates of peak values. The latter distribution, which depends on both the 
body-generated turbulence and the smaller-scale turbulence in the upstream flow, is 
examined here. The following conclusions can be made: 
 The correlation coefficient between the large-scale and small-scale part of 
pressure components is highly dependent on the cut-off length of the frequency 
filter for the velocity signal that is used in the quasi-static model. These two parts 
are assumed to be statistically independent in the following Monte-Carlo model, 
which is closest to be true at the cut-off length of 30 times of building height 
where the correlation coefficients are close to zero.  
 The distribution of the small-scale-turbulence-induced pressure is found to be 
dependent on both wind direction and turbulence level. To normalize the data to 
eliminate the difference among terrain and wind direction, turbulence kinetic 
energy and the magnitude of the quasi-steady coefficient are found to be effective 
parameters, as the data from all terrains and nominal wind directions became 
similar after normalization for the C-16 panel, with differences only for the 
negative tail. A 3-parameter T-scale distribution was selected to fit the R data, so 
that a statistical model to represent the pressure due to the inflow small-scale 
turbulence and the body-induced turbulence is established.  
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 The statistical model of the non-dimensional coefficient R is not significantly 
affected by panel area, but is dependent on panel location. The model works for 
panels that are located in the suction area under separation bubble, but tend to fail 
for panels located downstream of the reattachments.  
 The combined Monte-Carlo model provides better prediction results of the 
pressure coefficient compared to the quasi-steady model, which underestimates 
the peak value significantly. For the probability density function of the pressure 
coefficient, the results from the Monte-Carlo model match the measured data well 
in the central portions and the negative tail, but are inaccurate for the positive tail. 
For the peak negative pressure coefficient calculated by extreme value analysis, 
the model gives identical results compared to measured data for all terrains except 
the fairly smooth terrain F0, for which the peak values are overestimated.  
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Chapter 5  
5 Effects of roof shape on performance of the quasi-
steady vector model 
The purpose of this chapter is to establish a general understanding of how the shape and 
slope of gable/hip roofs affect the performance of the QS vector model. In this study, the 
performance of QST is evaluated within two aspects: the level of correlation and 
coherence between the original and the QS-predicted Cp time series, and the amount of 
fluctuation energy that can be accounted for by the QS model. In some cases, the 
probability density functions of Cp are checked as well.  
5.1 Performance of QS theory for point pressures 
5.1.1 Mean pressure field and local aerodynamics of low-rise roof 
Figure 5-1 shows the mean pressure contour and sketch of the local aerodynamics of 5 
different models when the nominal wind approaches from 0o (normal to the ridge line). 
The definition of wind directions is shown in figure 2-3. (Noticing that the definition of 
wind directions for the flat roof is different from Chapter 3 and Chapter 4.) For the flat 
roof (figure 5-1(a)), the magnitude of negative mean pressure is large at the leading edge, 
then decreases as the distance to leading edge increases, with a relatively uniform 
gradient. The mean reattachment length can be estimated based on the mean pressure data 
(Akon and Kopp, 2016), as shown in the sketch (along with the mean flow fields). The 
separation bubble occurs above the front half of the roof, creating a large region of large 
suctions, as discussed in chapter 1.  
For the 5:12 gable roof (figure 5-1 (b)), the local aerodynamics are changed by the roof 
slope and the ridge line. On the front half side, suction occurs at the leading edge, but 
recovers very fast, and the magnitude of negative mean pressure is relatively small for 
most parts of this side. The mean pressure data suggest that flow separation occurs at the 
leading edge, then reattaches in a short length. The remainder of the front half is under 
reattached flow. The separation bubble is significantly smaller compared to the flat 
model. For the back (leeward) side, the mean pressure field is approximately uniform 
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with a relatively large negative magnitude because the flow separates at the ridge line 
with no reattachment on the roof.  
For the 12:12 gable roof (figure 5-1 (c)), the mean pressure on the front (windward) half 
is positive. As the distance from the leading edge increases, the magnitude of the positive 
pressure decreases and reaches nearly 0 close to the ridge because of the flow speed-up 
along the roof. The positive pressure indicates that no separation occurs at the leading 
edge. On the back half beyond the ridge, similar to the 5:12 roof, uniformly distributed 
negative pressure with relatively high magnitude is observed, because of flow separation 
at the ridge line without reattachment.  
For the 5:12 hip roof (figure 5-1 (d)), the flow separation and reattachment from the eave 
are similar to the gable roof with the same slope, but the magnitude of the negative mean 
pressure under the separation bubble is lower. Flow separation occurs not only at the 
ridge, but also at both of the front hip lines, creating uniformly-distributed negative mean 
pressure on left, right, and back quarters. Similar to the back half of the hip roofs, no flow 
reattachment on the leeward roof.  
For the 12:12 hip roof (figure 5-1 (e)), the front quarter is similar to the gable roof: 
positive mean pressure and no flow separation at the leading edge, while the left, right, 
and back quarters being consistent with the 5:12 hip roof: the flow separates at the ridge 
and both of the front hip lines without reattachment, creating large suction zones under 




Figure 5-1: Sketch of local flow field and 𝑪𝒑(?̅?)̅̅ ̅̅ ̅̅ ̅̅  contours of (a) flat, (b) 5:12 gable, 




5.1.2 Performance of QS vector model for point pressures on low-
rise roofs 
The QS vector model established by equation (1-12) has been applied to point pressures 
on the roof surfaces. The frequency filter defined by equation (2-6) has been applied to 
the velocity signal. It is shown in section (2.3) that the smallest scale that the QS vector 
model can reach to be around 5H, where H denotes the mean roof height, while the 
largest scale that affected by body-generated turbulence is around 30H. At scales between 
5~30H, both mechanisms play a role (Wu and Kopp, 2018). It is shown in section (4.1) 
that using cut-off length of 30H can effectively filter out the effects of body-generated 
turbulence. In this chapter, the objective is, however, to assess the performance of the QS 
model. Therefore, the cut-off length is selected as 5H, so that the signal at the 
overlapping scales can be observed as well.  
Correlation coefficients, 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚, is calculated between the measured Cp time history 
(𝐶𝑝𝑚) and the output of the QS model (𝐶𝑝𝑄𝑆). Figure 5-2 shows the contours of the 
correlation coefficients for all 5 roofs.  
For the flat roof (figure 5-2, (a)), the correlation coefficients are relatively high at the 
separation zone near the leading edge and decrease as the distance to the leading edge 
increases. The results suggest that 𝐶𝑝𝑄𝑆 matches 𝐶𝑝𝑚 relatively well at the suction zones 
under separation bubble, but not so well at the region that is subject to reattached flow. 
Similar observation has been made by Wu and Kopp (2016) and Wu and Kopp (2018). In 
Wu and Kopp (2019), the missing mechanism of QS theory has been studied by 
comparing the QS vector model with the integral momentum equation. It has been 
observed that for the roof are that subject to flow separation, the area-averaged pressure 
is governed by the convection term of the equation, while for the reattachment area, the 
static pressure on the roof surface dominates, which is different from the static area at the 
location where the velocity signal is measured. This is believed to be the main reason that 




For the back half of the 5:12 gable roof (figure 5-2, (b)), the correlation coefficients are 
around 0.35~0.4, which is much higher than the front half, and the distribution is 
relatively uniform. This is consistent with the flat roof that the correlation being higher in 
the separation region compared to the reattachment region, however, the value of the 
correlation coefficients is smaller than the flat roof. Similar results have also been 
observed at the back side of the 12:12 gable roof (figure 5-2, (c)), and the left, right and 
back quarters of both hip roofs (figure 5-2, (d) and (e)), indicating that the QS-predicted 
Cp time series match well with the measured data in the suction areas under separation 
bubbles.  
For the front half of the 5:12 gable roof (figure 5-2 (b)), the correlation coefficients are 
around 0.2 in the area of flow separation at the leading edge, and then decrease to 0.1 
behind the mean reattachment point. Similar results have been observed on the front 
quarter of the 5:12 hip roof, indicating that the QS predicted Cp signals in the 
reattachment area don’t match the measured data as well as the separation regions.  
For the majority of the front half of the 12:12 gable roof, the correlation is relatively high 
with coefficients as high as 0.6, higher than the separation area on the leeward face, 
except at locations very close to the edges, where the coefficients drop to around 0.2. 





Figure 5-2: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




The coherence function between 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆, 𝐶ℎ𝑓𝑄𝑆,𝑚, has been defined by equation 
(2-3) to represent the correlation between 2 time series in the frequency domain. In 
chapter 2, the coherence functions for point pressures on 5 different roofs at a nominal 
wind direction of 90o (perpendicular to the shorter wall) have been studied. It was 
observed that for all 5 roofs, the magnitude of 𝐶ℎ𝑓𝑄𝑆,𝑚 functions is relatively high at 
large scales, and decrease as the scale going smaller. For scales smaller than 5H, the 
functions reach to noise level (<0.15). The local aerodynamics of 5 roofs for 90o are 
similar: flow separates at the side edge and creating a suction zone near it, and all six 
single points fall into that region. However, for 0o, the local aerodynamics of 5 roofs are 
very different. The result of which is plotted in figure 5-4, and the locations of the point 
pressures are sketched in figure 5-3. 
 
Figure 5-3: Sketch of 6 point pressure along center lines of flat, gable and hip roofs. 
It has been revealed in chapter 2 that the boundary of turbulence scale that QS function 
can reach to be approximately 5H. Thus, only the scale larger than it is important here for 
the coherence function. For the flat roof model (figure 5-4, (a)), the highest coherence in 
large scales (>30H) can be found at A and B, which are located in the high suction region 
near the leading edge; for a larger distance from the leading edge (points C, D, E, F), the 
coherence decreases. All the coherence functions drop rapidly in magnitude between the 
scales of 5~30H.  
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For the 5:12 gable roof (figure 5-4, (b)), the coherence (>30H) is relatively high for 
points in the suction region on the leeward face (D, E, F), but the magnitude is smaller 
compared to the suction areas on the flat roof (points A, B, C). The magnitude of the 
coherence function at large scales (>30H) is highest at the trailing edge (point F) and 
decreasing when it gets closer to the ridge (separation point), i.e., F>E>D. This trend is 
contrary to the suction region on the flat roof (i.e., highest coherence at the separation 
point), and a similar trend is observed for the 5:12 hip roof. Coherence on the front side 
(windward face) is much smaller compared to the back side, with the lowest value at 
point B, which is closest to the reattachment point. An up-going trend of the coherence 
function is observed at scales between 20~5H for point B, which is very unusual 
compared to other locations. A similar trend can also be found for the reattachment point 
of the flat roof (point D) and the 5:12 hip roof (point B).  
For the 12:12 gable roof, the magnitude of the 𝐶ℎ𝑓𝑄𝑆,𝑚 on the back half (leeward face) is 
similar to the 5:12 roofs, which is smaller than the front portion of the flat roof. The 
coherence decreases as the distance from the ridge (separation point) increases, which is 
consistent with the flat roof but contrary with the 5:12 roofs. For the windward face, the 
coherence is very high close to the leading edge (points A and B), which is higher than 
the leeward face, but still lower than the leading edge of the flat roof, and it decreases at 
close to the ridge.  





Figure 5-4: 𝑪𝒉𝒇𝑸𝑺,𝒎 of six point pressures along centerline of the (a) flat, (b) 5:12 





To study the level of fluctuation energy captured by QS theory, the standard deviation 
ratio, 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚, is defined as: 
                                                    𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 = 𝐶?̃?𝑄𝑆/𝐶?̃?𝑚                                          (5-1) 
Where 𝐶?̃?𝑄𝑆 and 𝐶?̃?𝑚 denotes the standard deviation of 𝐶𝑝𝑄𝑆 and 𝐶𝑝𝑚, respectively. The 
standard deviation is a measurement of the total fluctuation energy of the pressure signal 
that can be accounted for by the QS vector model. Mathematically, it equals the 
integration of the 𝑆𝑟𝑡𝑄𝑆,𝑚 function (defined by equation 2-5) over all frequencies. Results 
are calculated for single pressures for all 5 roofs at nominal wind direction 00, O0 terrain, 
and contoured in figure 5-5. The ratio is generally smaller than 1 since the energy of the 
uncorrelated small-scale fluctuations is removed by the frequency filter of the wind speed 
which is used to determine 𝐶𝑝𝑄𝑆.  
For the flat roof (figure 5-5, (a)), 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 is high up to 0.7 at the leading edge and 
decreases as the distance to the leading edge increases. In the regions after the mean 
reattachment point, the magnitude of 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 drops to 0.3. 
For the front half of the 5:12 gable roof (figure 5-5, (b)), 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 is high up to 0.6 at the 
separation region near the leading edge, then decreases to 0.2 near the mean reattachment 
point. The ratio is generally lower than 0.3 in the majority of the central roof area, which 
is lower than the back half of the flat roof and recovers to 0.4~0.5 at very close to the 
ridge. For the back half, 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 is very close to the separation areas on the flat roof.  
For the front half of the 12:12 gable model, 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 is around 0.4 in the central region 
of the roof, and then decreases to 0.2 at around the edges, which is lower than any region 
of the flat roof, while the back half is very close to the flat roof at the leading edge 
(0.6~0.8).  
For the hip roofs, 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 on the front quarter is identical to the front side of the gable 
roofs with the same slope. For the 5:12 hip roof, the 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 on the 2 side quarters are 
close to the flat roof (close to 0.7), while the value of the back quarter is a bit lower 
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(about 0.5), while for the 12:12 hip roof the back quarter has a higher value compared to 
the side quarters. 
In general, the QS vector model accounts for the fluctuation energy of the pressures 
relatively well in the suction regions under the separation bubble, but less well in regions 
of flow reattachment and the regions with positive mean pressure on windward faces of 
the 12:12 roofs. 
It has been revealed by Wu and Kopp (2019) that downstream of the reattachment is 
dominated by body-generated turbulence that couldn’t be captured by QS theory, which 
can help to explain the low standard deviation ratio at these areas. This is consistent with 
the results of figure 5-2, that the correlation coefficients in these regions are also lower 
compared to the separation region, showing that the QS model works less well for 




Figure 5-5: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure 5-6 shows the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions, as defined in equation (2-4), for 6 point 
pressures along the centerline of all five roofs. It has been mentioned in chapter 2 that the 
surface pressure signal doesn’t respond to the high-frequency fluctuations of the velocity 
signal, and the QS theory tends to overestimate the fluctuation energy at small scales. 
After application of the frequency filter to the velocity signal, the spectrum ratio 
functions at scales smaller than 5H drop to 0.  
For the flat roof (figure 5-6, (a)), the curve of the  𝑆𝑟𝑡𝑄𝑆,𝑚 functions are relatively flat at 
scales larger than 30H, with the magnitude varying between 0.6~0.8, indicating that the 
fluctuation energy is slightly underestimated. For scales smaller than 30H, 𝑆𝑟𝑡𝑄𝑆,𝑚 
decreases as the scale going smaller, which can be attributed to the effects of the body-
generated turbulence that the QS theory fails to capture. Within the scales between 
5~30H, 𝑆𝑟𝑡𝑄𝑆,𝑚 close to the leading edge (A and B) are higher in magnitude compared to 
other locations.  
For the 5-12 gable roof (figure 5-6, (b)), 𝑆𝑟𝑡𝑄𝑆,𝑚 on the back half have higher values 
compared to the front half, while the function at point B (which is very close to 
reattachment point) being significantly lower than the other points. For points on the back 
half (D, E, and F), and an up-going trend can be observed for the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions at 
scales larger than 20H, which is different from the flat roof. Similar trends can be 
observed for points located on the back half of the 12:12 roof and back quarter of the hip 
roofs. For some of them, for example, back half of the gable roofs, the magnitude of the 
𝑆𝑟𝑡𝑄𝑆,𝑚 functions is above 1 at large scales with the highest value up to 1.6, while for 
others (e.g., back quarter of the 5:12 hip roofs), the magnitude of the functions is smaller 
than 1. This indicates that for suction regions close to flow separation at ridges, the 
pressure signals on the roof surfaces don’t respond to the incident velocity very well at 




Figure 5-6: 𝑺𝒓𝒕𝑸𝑺,𝒎 of six point pressures along centerline of the (a) flat, (b) 5:12 






Based on the previous results, three basic types of regions on low-rise roofs can be 
identified based on local aerodynamics. The performance of the QS vector model is 
similar for point pressures of same regions with similar local aerodynamics.   
Region 0: portions of the high-suction regions at the leading edge of the flat roof.  
The performance of the QS vector model here is better than any other roof, as it gives 
highest correlation and coherence between signals, and the model can account for most 
portion of pressure fluctuation energy at large scales (larger than 30H), as shown by the 
spectrum ratio and the standard deviation ratio functions.  
Region 1:  suction regions that are governed by flow separations. Example: regions on 
the flat roof between region 0 and the reattachment point; back half of gable and hip roofs 
behind ridges; left and right side of hip roofs behind hip lines.  
The QS vector model works relatively well here for both signal correlation and 
fluctuation energy transfer (compared to reattachment regions), but not as good as region 
0. This result suggests that the QS model works better for the simple flat roof compared 
to sloped roofs.  
Region 2: regions that are governed by reattached flows. Example: back half of the flat 
roof; portions of the front side of the middle sloped (5:12) gable and hip roofs. 
The QS vector model works relatively poor in these regions as both the correlation 
between signals and the energy transfer are poor (compare to region 1).  
Region 3: regions that are subject to attached flow with positive mean pressures. 
Example: front half of the high-sloped (12:12) gable and hip roofs. 
The correlation coefficients between measured and predicted signals are relatively good 





Figure 5-7: Sketch of distribution of 3 types of regions for (a) flat, (b) 5:12 gable, (c) 




5.2 Performance of QS vector model on area-average 
panels  
5.2.1 Area averaged panels of three different types of region 
Figure 5-8 shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of the area-averaged 
Cp of front and back half of the 12:12 gable roof. The definition of half and quarter 
panels for gable and hip roofs is shown in figure 5-10.   
For the back half, the magnitude of 𝐶ℎ𝑓𝑄𝑆,𝑚 is between 0.6~0.7 at large scales (>30H) 
with a relatively flat curve, and 𝑆𝑟𝑡𝑄𝑆,𝑚ranges from 0.8 to 1.5 with an increasing trend, 
indicating that the fluctuation energy at scales between 5~30H is slightly overestimated. 
Both of them are consistent with the point pressures discussed in the previous section. 
For the front half, the magnitude of 𝐶ℎ𝑓𝑄𝑆,𝑚 is higher than the back half with the highest 
value up to 0.8, but the 𝑆𝑟𝑡𝑄𝑆,𝑚 at large scales is very low (about 0.2). This implies that 
the CpQS signal matches well with the measured pressure data in trend, but 
underestimates the magnitude significantly.  
In section 5.1.2, three types of regions characterized by local aerodynamics have been 
defined for point pressures on low rise roof surfaces, and the performance of the QS 
vector model is similar to point pressures that falls into same region type. For the front 
half of the 12:12 gable roof, most areas are region 3, while the entire back half falls into 
region 1. The 𝐶ℎ𝑓𝑄𝑆,𝑚 and 𝑆𝑟𝑡𝑄𝑆,𝑚 functions for these 2 panels are very similar to the 
typical point pressures in the corresponding region.  
Figure 5-9 shows the power spectral density of 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆 for both sides of the roof. 
It can be seen that at the back half of the roof, the spectral matches relatively well at the 
large scale part, indicating that the fluctuation energy of the pressure signal being 
effectively captured by the QS vector model. At small scales, the energy of 𝐶𝑝𝑄𝑆 is 
removed by the frequency filter. For the front half, the spectral of 𝐶𝑝𝑄𝑆 is smaller than it 
of 𝐶𝑝𝑚 in order of magnitude even at large scales. This is consistent with both 𝑆𝑟𝑡𝑄𝑆,𝑚 
functions shown by figure (5-9) and the result of point pressures in section (5.1). All 
those results indicating that at the front half of the 12:12 sloped roof, the QS vector 
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model somehow failed to capture the fluctuation energy of pressure signals, even though 
the coherence at large scale region is pretty high. This is further proved by figure 5-11 
and figure 5-12 discussed below.  
Figure 5-11 shows a selected range of time history of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 for the front (a) and 
back (b) half of the 12:12 gable roof. For the front half, the trend of the predicted signal 
matches the trend of the measured data at large scales, but the magnitude of peaks is 
significantly underestimated. For the back half, both the trend and magnitude of the 
fluctuation at large scales are captured by the model.  
Figure 5-12 shows the probability density function of 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆 signal for the front 
(a) and back (b) half of the 12:12 gable roof. For the back side, the shape of the pdf 
function matches the measured data well at the central portion, while a mismatch can be 
observed at both tails. For the front half, the shape of the CDF function produced by the 
QS vector model is completely different from the measured data, and the range that 
covered by the PDF function is much smaller.  
It has been shown in table 2-3 that the turbulence intensity of the wind velocity is 
increased significantly (182%) at the surface of the leading edge of the 12:12 gable roof, 
which can be attributed to disturbance of flow field by the appearance of the building 
mdoel. This is believed to be the main reason for the QS vector model to underestimate 
pressure fluctuations on the windward face, that the pressures on the surface are 
controlled by the disturbed flow, while the result predicted by the QS vector model is 




Figure 5-8：(a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of area averaged, front and back half 
of the 12:12 gable roof, nominal wind direction 0o, O0 terrain. 
 
Figure 5-9: Power spectrum density function of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 for (a) front (b) back 






Figure 5-10: Definition of half and quarter panels for gable and hip roofs 
 
Figure 5-11: Selected time history of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 for (a) front (b) back half of the 




Figure 5-12: Probability distribution of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 for (a) front (b) back half of 










Figure 5-13 shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of the area-averaged 
Cp of front and back half of the 5:12 gable roof. Similar to the 12:12 gable roof, the back 
half falls into region 1, and both the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions are 
similar to the typical point pressures located in this region. For the front half, the majority 
of the panel is governed by reattachment (region 2), however, the small area of region 1 
near the leading edge makes it different from typical region 2, and both functions are at a 
level between typical point pressures of region 1 and region 2.  
Figure 5-14 shows a selected range of the time series of 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆 signals for front 
and back half of the 5:12 gable roof. For the back half, both the trend and the magnitude 
of the large-scale fluctuations in the signal are captured by the QS model, but the 
information of the small-scale fluctuations are missing. For the front half, the QS-
predicted signal doesn’t match the measured data well, which can be attributed to lack of 
correlation.  
Figure 5-15 shows the probability distribution functions of 𝐶𝑝𝑚 and 𝐶𝑝𝑄𝑆 signals for 
front and back side half of the 5:12 gable roof. The result of the back half is similar to the 
back side of the 12:12 roof: the shape of the central portion of the pdf function matches 
the measured data well, but the peaks are underestimated. For the front half, the result is 
similar to the front half of the 12:12 gable roof: the shape of the pdf function is much 




Figure 5-13: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of area averaged, front and back half 
of the 5:12 gable roof, nominal wind direction 0o, O0 terrain. 
 
Figure 5-14: Selected time history of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 signal of (a) front (b) back half 




Figure 5-15: Probability distribution of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 for (a) front (b) back half of 










Figure 5-16 shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of the area-averaged 
Cp of four quarter panels of the 5:12 hip roof. For the 3 quarters that governed by flow 
separation (left, right, and back), the coherence function and spectrum ratio are similar to 
the previous cases of region 1. For the front quarter, 𝐶ℎ𝑓𝑄𝑆,𝑚 at large scale (larger than 
30H) is at the level of 0.4~0.5, which is lower than 3 other quarters (around 0.7), but 
much higher than the front half of the gable 5:12 model (lower than 0.3); 𝑆𝑟𝑡𝑄𝑆,𝑚of the 
front quarter is similar in magnitude compared to other 3 panels, which is also much 
better than the 5:12 gable roof. This inconsistency of the 5:12 roofs can be attributed to 
the difference in size of areas that affected by reattachment. Comparing figure 5-2 (d) and 
5-2 (b), the area of the low-correlation region controlled by reattachment on the hip roof 
is much smaller than the gable roof, due to the geometry of the front side panel, and the 
behavior of the area-averaged data is directly dependent on the relative portion of this 
area to the overall panel. 
Figure 5-17 shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of the area-averaged 
Cp of four quarter panels of the 12:12 hip roof. For the front quarter, which basically falls 
into region 3, 𝐶ℎ𝑓𝑄𝑆,𝑚 is high up to 0.7 at scales larger than 30H, while 𝑆𝑟𝑡𝑄𝑆,𝑚 is lower 
than 0.2. Both of them shows an agreement with the front half of the 12:12 gable roof. 
For the back quarter, the results of both functions are similar to the typical region 1 case 
(e.g., back half of the gable roofs). For the left and right quarters, the coherence functions 
are similar, but the spectrum ratio is lower than the corresponding quarters of the 5:12 hip 





Figure 5-16: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of area averaged, front, back, left 
and right quarters of the 5:12 hip roof, nominal wind direction 0o, O0 terrain. 
 
Figure 5-17: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of area averaged, front, back, left 








According to the previous analysis, for a panel that governed by the aerodynamics of a 
typical type, the performance of the QS vector model is similar to the point pressures that 
fall into the same region. Based on the previous definition of regions, the performance of 
the QS vector model on area-averaged panels of sloped roofs can be summarized as:  
• Region 1 (separated flow): The QS vector model works relatively well. It captures 
both the trend and magnitude of the large-scale fluctuations. The PDF predicted 
by the model matches the shape of the measured data, but the peaks tend to be 
underestimated. 
• Region 2 (downstream of reattachment): The QS vector model works relatively 
poor. The coherence between measured and QS-predicted signals is low even at 
large scales, and the fluctuation accounted for by the model is not good as well. 
The PDF predicted by the model doesn’t match the measured data.  
• Region 3 (windward positive pressures): The QS vector model works poor. It 
captures the trend of the large-scale fluctuations effectively, but underestimates 
the fluctuation energy significantly. The PDF predicted by the model doesn’t 







5.2.2 Performance the of QS vector model on whole-roof uplift  
 
Figure 5-18: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients 
for five roofs, nominal wind direction 0o, O0. 
Figure 5-18 shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions and the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of the whole-roof 
uplift coefficients for all five roofs.  
For the flat roof, the value of the 𝐶ℎ𝑓𝑄𝑆,𝑚 function is high up to 0.9 at large scales 
(100H), which is higher than the other 4 roofs at scales larger than 30H. The 𝑆𝑟𝑡𝑄𝑆,𝑚 
function is slightly above 1 at 100H, and increases to 2 at scales about 20H. The curve is 
quite scattered, which is likely due to measurement uncertainty since the error is squared 
of the calculated spectral. The results indicate that coherence between  𝐶𝑝𝑄𝑆 and 𝐶𝑝𝑚 is 
good at large scales, but the fluctuation energy is overestimated as scales going smaller, 
which can be attributed to the large area of poor correlation downstream of the 
reattachment (region 2).  
The results of the hip roofs are similar. The value of the 𝐶ℎ𝑓𝑄𝑆,𝑚 function is between 
0.6~0.7 at large scales, which is lower than the flat roof, while the 𝑆𝑟𝑡𝑄𝑆,𝑚 function 
curves are similar to the flat roof. Both of the curves are similar to the typical region 1 
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described in the previous section, which makes scenes since over ¾ of the hip roof area 
are governed by flow separation.  
For the 5:12 gable roof, the windward (front half) and leeward (back half) faces of the 
roof are governed by different aerodynamics: region 2 on the front half and region 1 on 
the back half, which is an unfavorable factor for the performance of QS vector as the 
inconsistency of response on 2 faces would compromise the correlation between the input 
signal and the overall output. As a result, the 𝐶ℎ𝑓𝑄𝑆,𝑚 function of the uplift is 
significantly lower compared to the hip roofs with the same slope. However, the 
fluctuation energy accounted by the QS model is less affected, as the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of 
the 5:12 gable roof are similar to the hip roof. The pdf function predicted by the QS 
vector model (figure 5-19) matches the shape of the measured data relatively well, and 
the time history (figure 5-20) also matches measured data at large scales. The results are 
similar to a typical region 1 panel described in the previous section.  
 
Figure 5-19: Probability distribution of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 of the uplift coefficients of 




Figure 5-20: Selected time history of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 of the uplift coefficients of 5:12 
gable roof, nominal wind direction 0o, O0 terrain. 
For the 12:12 gable roof, the front half falls in region 3 while the back half falls in region 
1. The magnitude of  𝐶ℎ𝑓𝑄𝑆,𝑚 function at large scales varies between 0.3~0.4, which is 
close to the 5:12 gable roof, but much lower than the result of both side panels 
individually. The 𝑆𝑟𝑡𝑄𝑆,𝑚 function is lower than 0.3 in magnitude even at very large 
scales, which is much lower compared to the other four roofs. Both the predicted pdf 
function (figure 5-21) and the time history (figure 5-22) deviate from the measured data 
significantly. The results are similar to a typical panel of pattern 2.  
 
Figure 5-21: Probability distribution of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 of the uplift coefficients of 




Figure 5-22: Selected time history of 𝑪𝒑𝒎 and 𝑪𝒑𝑸𝑺 of the uplift coefficients of 12:12 
gable roof, nominal wind direction 0o, O0 terrain. 
It can be known from the previous analysis that the performance of the QS vector model 
is significantly compromised for uplift coefficients of the 12:12 gable roof, but not as bad 
for the 512 gable one. This difference can be attributed to the magnitude of mean uplift 
coefficients.  
Figure 5-23 (b) shows a schematic sketch of the velocity and Cp signals break down by 
each component for the 12:12 gable roof in the time domain (the horizontal axle indicates 
time). It can be seen that the magnitude of the uplift coefficient is close to 0 since the 
positive pressure on the front half and the negative pressure on the back half canceled 
each other during averaging. On the other hand, the error induced by body-generated 
turbulence is not affected, and ending up controls the overall signal since it outnumbered 
the QS part in order of magnitude. This mechanism can also be viewed from equation (1-
11) that the standard deviation Cp estimated by the QS approach is proportional to the 
magnitude of mean Cp. Therefore, the pressure fluctuations capture by QS vector model 
would be very small when the mean Cp is close to 0. As for the 5:12 gable roof, this 
mechanism does not function since the signs of Cp on both side of the roof are the same 




Figure 5-23: Schematic sketch of the (a) velocity and (b) Cp signals break down by 
each component. 
Based on the previous analysis, the effect of roof slope on the performance of the QS 
vector model for the uplift coefficients on low-rise roofs can be summarized as: 
 For the 5:12 roofs, region 1 created by flow separation at the leading edge is 
diminished compared to the flat roof. Large portions of the front half fall in region 
2, which weakens the performance of the QS vector model on the overall lift. 
 For the 12:12 roof, no separation occurs at the leading edge, and the front half 
falls in region 3 with mean positive pressure. For the overall lift, the positive 
mean offset with the rest areas of the roof and enlarge the effects of error due to 
small-scale fluctuations, which weakens the performance of the QS vector model. 
 The effects of ridges:  
 Flow separates at the ridge, creating a large suction region with uniformly 
negative Cp distribution on the leeward surface (back half) of the roof. The entire 
back half falls in region 1, which is good for the performance of the QS vector 
model.  
 The effects of hip lines:  
 Flow separates at hip lines, enlarge the area of region 1 and diminish the areas of 
region 2 and 3 on the roof, which is good for application of the QS vector model.  
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5.3 Effects of terrains and nominal wind directions 
5.3.1 Effects of terrains 
 
Figure 5-24: Contours of (a) 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 (b) 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎for single pressures on the 5:12 
gable roof under 3 different terrains, nominal wind direction 0o. 
Figure 5-24(a) shows the contours of 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚 for the 5:12 gable roof under 3 different 
terrains. It can be seen that while the distribution remains unchanged, the magnitude of 
the correlation coefficients for point pressures increases significantly with the increase of 
turbulence level. Figure 5-24(b) shows contours of 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 for the same case. It can be 
seen that 𝑆𝑑𝑡𝑟𝑄𝑆,𝑚 also increases with the increasing turbulence level.  
Figure 5-25(a) shows the 𝐶ℎ𝑓𝑄𝑆,𝑚 functions for uplift coefficients of five roofs under 3 
different terrains. For most roofs, the coherence at large scales increases with the increase 
of turbulence level, with the only exception of the 12:12 gable one, which has been 
discussed in the previous section that QS theory fails to capture the pressure fluctuations. 
Figure 5-25(b) shows the 𝑆𝑟𝑡𝑄𝑆,𝑚 functions of the same cases. It can be seen that as the 
turbulence level increases, the magnitude of  𝑆𝑟𝑡𝑄𝑆,𝑚  getting closer to 1 at large scales 
for most roofs except the 12:12 gable one. i.e., for the F0 and O0 terrains, the functions of 
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the flat roof are much larger than 1 at scales between 10~100H with an up-going trend, 
while it gets much closer to the horizontal line of y=1 for the S15 terrain. 
 
Figure 5-25: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 of uplift coefficients for five roofs under 3 
different terrains, nominal wind direction 0o. 
The results from figure 5-22 and 5-23 indicates that the performance of the QS vector 
model can be improved significantly with the increasing of upstream turbulence level, for 
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both point pressures and the overall uplift, as both the coherence and the fluctuation 
energy accounted for by the model are improved at large scales.  
5.3.2 Effects of nominal wind directions 
 
Figure 5-26: 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 of uplift coefficients for 19 nominal wind directions at (a) O0 
and (b) S15 terrain. 
Figure 5-26 shows 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚 of uplift coefficients for 19 nominal wind directions for all 
five roofs at the O0 and S15 terrains. For the O0 terrain, the function of the flat roof has 
the largest magnitude (between 0.6~0.7) with a relatively flat curve, indicating that the 
performance of the QS vector model is relatively well among all 19 nominal wind 
directions, although the aerodynamics might be different. For gable and hip roofs, the 
highest correlation occurs at 90o when flow separation occurs at the side edges and the 
aerodynamics of all 5 roofs are similar. The magnitude of 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚 for the sloped roofs 
is close (about 0.5) at this direction, which is much smaller compared to the flat roof. The 
details of the performance under the nominal direction of 0o have been discussed in 
previous sections. For both of the gable roofs, the correlation is low at the nominal wind 
direction of 0o, and increases with the nominal azimuth increasing. The curve of the 5:12 
hip roof is relatively flat among all wind directions with the magnitude within 0.3~0.5. 
The 12:12 hip roof has a U-shape curve with the lowest correlation occurs at 45o. For the 
S15 terrain, the trend of all curves barely changes compared to the O0 terrain, while the 
magnitude of the correlation coefficients generally increases. This is consistent with the 
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results of the previous section, that the performance of the QS vector model can be 
improved with the increase of turbulence intensity.  
Most of the previous cases can be explained by the 3 regions defined previously. For 
example, figure 5-27 shows the contours of mean Cp (5-27 a) and 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚 (5-27 b) of 
the point pressures for 12:12 hip roof at 45o. It can be seen that flow separation occurs at 
the hip lines perpendicular to the incoming wind. The up-left part of the roof can be 
classified as region 3 with positive mean pressures and high correlations, and the bottom-
right part falls into region 1. The mechanism that controls the overall uplift here is then 
very similar to the 12:12 gable roof at 0o, which has been discussed in detail in 5.2.2, and 
leaving the poor performance of the QS model.  
 
Figure 5-27: Contours of (a) mean Cp and (b) 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 of point pressures for 12:12 
hip roof, nominal wind direction 45o, O0 terrain 
It has been discussed in chapter 1 that for flat and low-pitched roofs with wind 
approaching from oblique directions (30o~60o), the conical vortex becomes the governing 
phenomenon of the local aerodynamics. Figure 5-28(a) shows the contour plot of mean 
Cp for the flat roof when wind approaching from the nominal direction of 45o. It can be 
seen that high suction zones are created along both sides of the leading corner, due to the 
conical vortex. Figure 5-28 (b) shows the contour of 𝐶𝑜𝑟𝑟𝑄𝑆,𝑚 for this case. It can be 
126 
 
observed that the high correlation zone doesn’t match the high suction zones from the 
mean Cp contour. This observation suggests that although high suction zones are created 
in both cases, the behavior of the QS vector model for point pressures under conical 
vortex is not similar to bubble separation. The behavior of overall uplift is, however, not 
affected significantly, as the curve of the flat roof in figure 5-26 (a) remains relatively 
flat. Figure 5-29 shows the results for the 5:12 gable roof. It can be observed from 5-29 
(a) that the high suction zones created by conical vortex appear only on the front half, 
which is much smaller compared to the flat roof, and the back half is governed by flow 
separation at the ridge (although the incoming flow is not perpendicular to the ridge and 
the mean Cp contour is altered).  
 
Figure 5-28: Contours of (a) mean Cp and (b) 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for flat roof, nominal wind 





Figure 5-29: contours of (a) mean Cp and (b) 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for 5:12 gable roof, nominal 














5.4 Summary  
In this chapter, the performance of the QS vector model has been checked for gable and 
hip roofs with different roof slopes (5:12 and 12:12), and compared with the flat roof. 
The observations are summarized as follows:   
 For wind approaching normal to the building wall, the roof area can be summarized 
as 4 basic regions types by local aerodynamics: 
 Region 0: portions of the high suction region at the leading edge of the flat roof.  
 Region 1: suction regions that are governed by flow separations. Example: the 
area on the flat roof between region 0 and the reattachment point; the back half of 
gable and hip roofs behind ridges; left and right side of hip roofs behind hip lines.  
 Region 2: regions that are governed by reattached flows. Example: the back half 
of flat roof; portions of the front side of the mid-sloped (5:12) gable and hip roofs. 
 Region 3: regions that are subject to attached flow with positive mean pressures 
Example: the front half of the high sloped (12:12) gable and hip roofs. 
 
 Performance of the QS vector model is similar for point pressures and area-average 
panels for the same region, which can be concluded as:  
 Region 0: The performance of the QS vector model here is better than any other 
roofs and areas. The correlation and coherence between measured and QS-
predicated pressure signals are the highest, and the fluctuation energy accounted 
by the model is also good, as shown by the spectrum ratio and standard deviation 
ratio.  
 Region 1: The QS vector model works relatively well. It captures both the trend 
and magnitude of the large-scale fluctuations. The PDF predicted by the model 
matches the shape of the measured data, but the peaks tend to be underestimated. 
 Region 2: The performance of the QS vector model is relatively poor. The 
coherence between measured and QS-predicted signals are low, even at large 
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scales, and the fluctuation accounted for by the model is not as well. The PDF 
predicted by the model doesn’t match the measured data.  
 Region 3: The performance of the QS vector model is poor. It captures the trend 
of the large-scale fluctuations, but underestimates the fluctuation energy 
significantly. The PDF predicted by the model doesn’t match the measured data.  
 
 For the uplift coefficients of the entire roof, the performance of the QS vector model 
is altered significantly with the occurrence of ridges, hip lines, and the changing of 
the roof slope, since the local aerodynamics of panels are altered by these factors. The 
effects of roof slope can be concluded as: 
 For 5:12 roofs, the area of region 1 at the leading edge is much smaller compared 
to the flat roof. Large portions of the front half fall in region 2, which weakens the 
performance of the QS vector model on the overall uplift. 
 For the 12:12 roof, no separation occurs at the leading edge, and the front half fall 
in region 3 with mean positive pressure. For the overall lift, the positive mean 
offset with the rest areas of the roof and enlarge the effects of error due to small-
scale fluctuations, which weakens the performance of the QS vector model. 
The effects of ridges:  
 The flow separates at the ridge, creating a large suction region with uniformly 
negative Cp distribution on the leeward surface (back half) of the roof. The entire 
back half falls into region 1, which is good for the performance of the QS vector 
model.  
 The effects of hip lines:  
 The flow separates at hip lines, enlarge the area of region 1 and diminish the areas 




 For wind approaching from oblique directions (30o~60o), high suction zones are 
created by conical vortex along both sides of the leading corner for the flat and 5:12 
gable roofs. The performance of the QS vector model is, however, different from it 
for bubble separation, as the high-correlation zone doesn’t match the high suction 
areas.  
 
 For uplift coefficients, the best shape for applying the QS vector model is the flat 
roof. This is evaluated by both correlation and coherence between measured and QS-
predicated signals, and the fluctuation energy accounted by the QS model, as well as 
the probability distribution of the Cp time history. The second best is the 5:12 hip 
roof. For these 2 roofs, the performance of the QS vector model on uplift is barely 
changed by nominal wind directions.  
 
 For the 12:12 hip roof, the QS vector model works fine when the nominal wind 
direction is perpendicular to either of the roof edges (0o and 90o), but not as well 
when wind approaching from oblique directions (45o). For the 12:12 gable roof, the 
QS model works fine when the wind is parallel to the ridge, but fails when the wind is 
perpendicular to the ridge and when wind approaching from most of the oblique 
directions. Failure cases of the12:12 roofs can be attributed to the small magnitude of 
net uplift coefficients due to different signs of Cp at different roof areas.  
 
 For the 5:12 gable roof, the QS vector model works fine when the wind is parallel to 
the ridge (similar to the 12:12 gable roof), but less well when it’s perpendicular to the 
ridge and when it’s from oblique directions ( but still much better than 12:12 gable 
roof).  
 
 The performance of the QS vector model can be significantly improved by increasing 
the turbulence intensity from the upstream terrain. Both the signal correlations and 
the fluctuation energy accounted for by the model are improved. This is valid for all 
roof shapes.   
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Chapter 6  
6 Application of the partial-turbulence approach on gable 
and hip roofs 
In chapter 4, a method has been developed to predict peak Cp by a partial-turbulence 
approach, which combines the QS vector model and a statistical model of body-generated 
turbulence. The model has been proved to work well for relatively large area-averaged 
panels on the flat roof. In this chapter, the same method is applied to sloped roofs with 
different parameters, including different roof shapes, locations, and panel sizes, in order 
to set a boundary for the applicability of the prediction model. 
The objectives of this chapter include: 
1. Study the statistical characteristics of the pressure components due to local 
turbulence for different roof shapes and panel cases 
2. Check the applicability of the predicting model developed for peak Cp on the flat 
roof to other roof shapes and terrains  
6.1 Probability distribution of the local-turbulence-induced 
pressure component on gable and hip roofs 
In chapter 4, the method of pressure decomposition of the QS component (𝑝𝑄𝑆) and the 
local-turbulence-induced component (𝑝𝑙𝑜𝑐𝑎𝑙)  has been developed in chapter 4 for a 16-
taps area average case (C-16) located at the corner of the flat roof. The 𝑝𝑙𝑜𝑐𝑎𝑙 has been 
normalized by the turbulence kinetic energy (k) and the QS coefficients, ending up as the 
non-dimensional coefficient, R. It has been observed from the flat roof that for panels 
under suction loads due to flow separation, the probability distribution of R is similar in 
different terrains and wind directions. Thus, a statistical model can be fit to represent the 
probability distribution of R. To check whether this approach can be extended to sloped 
roofs, the non-dimensional coefficient R is calculated following the steps defined by 
equation (4-2), (4-3), and (4-4), for different panels on gable and hip roofs.  
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Figure 6-1 shows the CDF functions of R for the uplift coefficients of the 5:12 hip roof, 
for (a) different terrains with data from all wind directions, and (b) different nominal 
wind directions in O0 terrain. The CDF functions of R from both different terrains and 
different nominal wind directions match reasonably well, with the difference at the 
0.0001 quantiles being smaller than 20, and therefore, acceptable for the fit statistical 
model based on the empirical justification from chapter 4.  
 
Figure 6-1: CDF functions of R for uplift of the 5:12 hip roof by (a) 3 different 
terrains and (b) nominal wind directions of the O0 terrain.   
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Same to the approach in chapter 4, a 3-parameter T-scale distribution is fit to the R using 
method of moment, shown in figure 6-2. Similar to the case of C-16 of the flat roof, the 
fit matches well with the data except at the tail values on the positive side, which is less 
of a concern for design purpose, and therefore, considered acceptable.  
 
Figure 6-2: CDF functions of R by different terrains, compared with the fit T-scale 
distribution for uplift of the 5:12 hip roof. 
Figure 6-3 shows the CDF functions of R for the uplift coefficients of the 12:12 hip roof 
for the O0 terrain by different nominal wind directions. Different from the 5:12 hip roof, 
the difference due to wind direction is significant with the maximum difference at 0.0001 
quantile exceeding 100. This effect can be attributed to the different performance of the 
QS vector model, which has been discussed in chapter 5. For the 5:12 hip roof, the QS 
vector model works generally well for all wind directions, while for the 12:12 hip roof, it 
works fine for nominal wind direction normal to the walls (0o and 90o), but least well for 
oblique directions (30o~60o). For wind approaching from 0o and 90o, most areas on the 
roof fall into region type 1, and the roof uplift coefficient is controlled by the suction due 
to flow separation, which is similar to the 5:12 hip roof and the flat roof near the leading 
edge. Comparing the curves with the fit curve in Figures 6-2 (a) and (b), the biggest 
difference occurs at the oblique wind directions. In figure 6-4, the data from 0o and 90o 
are plotted by 3 different terrains. The matching of the curves is much better compared to 
figure 6-3, with the difference of the 0.0001 quantiles smaller than 20. The data is then fit 
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to a T-scale distribution. Similar results are observed for other roofs and panels. For 
example, uplift coefficients of the 12:12 gable roof at 90o (shown in figure 6-5), uplift 
coefficients of the 5:12 gable roof at 0o and 90o (figure 6-6), and the back quarter of the 
12:12 hip roof (figure 6-7).  
In figure 6-8, CDF functions of R from a bunch of panels with different sizes are 
compared, including the uplift of 12:12 gable (90o), back half (leeward side) of 12:12 
gable (0o and 90o), uplift of 12:5 gable (90o), back half of 12:5 gable (0o and 90o), back 
quarter of the 12:12 hip (all directions). Those are cases that the overall loads are 
controlled by suction due to flow separation, and the QS vector model has proven to work 
reasonably well. The central portions of the CDF function roughly yield to a single curve, 
and the 0.0001 quantiles of each distribution fall into the 50~100 band. This result 
indicates that the statistical distribution of the non-dimensional coefficient R is self-
similar for relatively large area-averaged panels, if the condition that flow separation 
controls the overall load is met, and it is possible to use a single model to represent them 
all. 
 
Figure 6-3: CDF functions of R for uplift of the 12:12 hip roof by nominal wind 




Figure 6-4: CDF functions of R for uplift of the 12:12 hip roof under nominal wind 
direction of 0o and 90o by different terrains, compared with the fit T-scale 
distribution. 
 
Figure 6-5: CDF functions of R for uplift of the 12:12 gable roof by (a) different 
nominal wind directions in the O0 terrain and (b) different terrains under nominal 




Figure 6-6: CDF functions of R for uplift of the 5:12 gable roof by (a) different 
nominal wind directions in the O0 terrain and (b) different terrains under nominal 
wind direction of 0o and 90o. 
 
Figure 6-7: CDF functions of R for back quarter of the 12:12 hip roof by (a) 




Figure 6-8: Fit T-scale distributions of R for different roof shapes and panels.  
Figure 6-9 shows the CDF functions of R by wind directions for a point pressure located 
on the leeward face (back half) of the gable 5:12 model (shown in figure 6-10), which 
located inside the separation region for most of the nominal wind directions. Unlike the 
area-average cases, the shape of the curve is obviously unsymmetrical, with the 
magnitude negative tail out-weighted the positive side, which doesn’t match the curves 
obtained by area-average, and the difference due to nominal wind directions is significant 
as well.  
Most research agrees that the disturbance introduced by body-generated turbulence on 
QS models can be reduced by increasing the attributed area of the roof surface that is 
taken for calculation, since the uncorrelated small-scale fluctuation energy will be 
removed during the process of area-averaging (e.g., Letchford et al., 1993), and the 
spectrum ratio functions at small scales have also proved it, which has been discussed in 
Chapter 2 and Chapter 5. This is the main reason that the negative peaks of R for point 
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pressures being significantly larger than the large area-averaged panels, which means that 
the statistical model developed for relatively large panels shouldn’t be applied for point 
pressures and small areas.  
 
Figure 6-9: CDF functions of R for a point pressure located on leeward face (back 
half) of the 5:12 gable roof, by nominal wind directions in O0 terrain. 
 
Figure 6-10: Schematic sketch of the location of the point pressure in figure 6-9. 
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6.2 Application of the partial-turbulence approach for peak 
pressures on different roof shapes  
6.2.1 Cross-terrain QS functions 
Results for flat roof provided by Wu and Kopp (2018) have suggested that the QS 
function, 𝐶𝑝(𝜃, 𝛽) barely changes with upstream terrain conditions, and it is possible to 
use a function obtained from an intermediate terrain on other terrains. This is an 
important presumption for the partial-turbulence analysis, thus, it needs to be checked 
whether this conclusion holds for more complex roof shapes.  
Figure 6-11 shows the 𝐶𝑝(𝜃, ?̅?) functions of 3 different terrains for the uplift coefficients 
of the 5:12 hip roof. The effects due to terrain can be identified visually. The biggest 
difference of the function value is smaller than 0.1. As a comparison, the measurement 
uncertainty for Cp (referenced to roof height) due to pure random error is 0.059 (Kwan, 
2020). This implies that the terrain effect on the QS function does exist, however, not 
very significant, as it is still within the full measurement uncertainty (0.15). In fact, if a 
function from an intermediate terrain is selected, the difference of it to other terrains will 
be smaller than 0.059. Similar results have been observed for all different roof shapes.  
 




To obtain a function that works across terrains, the following approach has been 
processed: the measured data (pressure and velocity) from all different terrains are 
combined together into single time series (the data length from each terrain are equal), 
and the conditional averaging approach defined in Chapter 3 is applied to obtain the 
𝐶𝑝(𝜃, ?̅?) and 𝐵(𝜃) functions. The result of the uplift coefficients of the 5:12 hip roof is 
plotted in figure 6-12. It can be seen that the cross-terrain function roughly equals the 
median value of functions from 3 different terrains, and the maximum difference for the 
𝐶𝑝(𝜃, ?̅?) is smaller than 0.05.  
 
Figure 6-12: Cross-terrain 𝑪𝒑(𝜽, ?̅?) and 𝑩(𝜽) function of the uplift coefficients of 
5:12 hip roof, compared with functions obtained in 3 individual terrains. 
The method of estimating peak pressure coefficients, defined by figure 4-13, is applied. 
99% probability of non-exceedance Cp is calculated for the uplift of 5:12 hip roof using 
both the cross-terrain QS function and the functions of each individual terrains. The 
results are shown in figure 6-13, compared with peak values obtained from the measured 
pressure data. The peaks obtained by the cross-terrain QS function are overestimated a bit 
in S15 terrain compared to the measured data and the results using original-terrain QS 
function, while it is underestimated a bit in the O0 terrain, but the maximum difference is 
smaller than 0.1, which is very close to the measurement uncertainty (0.06). Thus, it is 
practical to use a single QS function across different terrains, since the partial turbulence 




Figure 6-13: 99% probability of non-exceedance uplift coefficients of the 5:12 hip 
roof, calculated using both the cross-terrain and original-terrain QS functions, 
compared with measured pressure data. 
6.2.2 Estimation of peak pressures on different roof shapes  
The Monte-Carlo approach that combines the QS vector model and the statistical model 
for R is then applied to different roof shapes. The T-scale distribution of R obtained from 
the C-16 panel on the flat roof is selected to use across all cases as a universal model, 
since it is a relatively conservative representative. Figure 6-14 shows the 99% probability 
of non-exceedance uplift coefficients of the hip 5:12 roof calculated from the model, 
compared with the measured pressure data. It can be seen that the trends of predicted 
peaks versus nominal wind directions match the measured data well, but the magnitude is 
overestimated to some extent. The maximum difference occurs at the S15 terrain, which 
is about 0.2 (or 20% relative) for almost all nominal wind directions.  
 
Figure 6-14: 99% probability of non-exceedance uplift coefficients of the 5:12 hip 
roof calculated using the universal R model, compared with measured data. 
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Figure 6- 15 shows the results of the uplift coefficient on the 12:12 gable roof. Similar to 
the 5:12 hip roof, the trends of the predicated peaks versus nominal wind directions 
match the measured data well. For the wind direction of 70o~90o, the prediction given by 
the model is conservative with relative error up to 20% (90o in S15 terrain), noticing that 
this is the direction that critical suction occurs. For nominal wind directions between 
0o~40o, where the QS vector model is known to fail and the probability distribution of R 
doesn’t converge, the peaks are underestimated.  However, those directions are less 
critical compared to around 90o since the magnitude of the suction loads is much smaller.  
 
Figure 6-15: 99% probability of non-exceedance uplift coefficients of the 12:12 gable 
roof calculated using the universal R model, compared with measured data. 
Figure 6-16 shows the results of area-averaged Cp on the back quarter of the 12:12 hip 
roof, which is smaller in size compared to the whole roof uplift. It can be seen that both 
the trend and magnitude of the predicted curves match the measured data well. Compared 
to the uplift coefficients whole roof uplift, the relative error for this quarter panel is 
smaller, partly due to larger magnitude of the net pressure. The peaks versus nominal 
directions obtained using measured data are much scattered visually compared with the 
prediction given by the model, indicating that some error due to measurement uncertainty 
exists in the measured peaks. The back half of the 5:12 gable roof gives a similar result, 




Figure 6-16: 99% probability of non-exceedance area-averaged Cp of the back 
quarter of the 12:12 hip roof, calculated using the universal R model, compared 
with measured data. 
 
Figure 6-17: 99% probability of non-exceedance area-averaged Cp of the back half 









6.3 Summary  
In this chapter, the pressure component induced by body-generated turbulence on 
different panels of the sloped roofs is studied. The probability distribution of the non-
dimensional coefficient R has been checked. The partial-turbulence approach to estimate 
peak pressures on roof surfaces has been checked the cross-terrain QS functions and a 
“universal” statistical model of R. Following conclusions has been made: 
 The distribution of non-dimensional coefficient R on a specific roof panel is 
found to be closely related to the type of local aerodynamics. For relatively large 
panels with high suction loads due to flow separation, the distributions of R are 
self-similar in spite of roof shapes, terrain conditions, and nominal wind 
directions. Thus, it is possible to use a single statistical R model to estimate peak 
pressures on such panels.  
 For point pressures, the probability distribution of R doesn’t converge, even for 
taps located under the separation bubble. Thus, this partial-turbulence approach 
for peak estimation is not suitable for point pressures. The smallest panel that is 
valid for the universal distribution is the 9-taps panel (C-9) on the flat roof corner, 
and the length of which is around 1/3 of the roof width. More researches need to 
be done to develop a proper model for panels with smaller areas.  
 The terrain effect on QS functions is found to be insignificant, since the difference 
between the cross-terrain function and the original-terrain function is well within 
measurement uncertainty. This conclusion holds for not only the flat roof, but also 
gable and hip roofs. By replacing the original-terrain QS function with the cross-
terrain QS function, the estimated peak pressure coefficients by the partial-
turbulence approach are rarely affected.  
 The partial turbulence approach provides reasonable estimations of peak pressure 
coefficients, using a universal statistical model of R and the cross-terrain QS 
functions. The model tends to be conservative for overall uplifts of the whole 
roof, but the relative error is limited within 20%. As the area of the panels going 
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smaller, the error is reduced as the magnitude of the net suction force increases. 
For cases that the overall loads are not controlled by flow separation, the model 
tends to underestimate peaks. However, those cases are unusually less critical 
since the magnitude of the force is much smaller compared to suctions under 
separated flow.   
146 
 
Chapter 7  
7 Conclusions and recommendations 
7.1 Conclusions  
The main purpose of this thesis is to develop a method to estimate peak wind loads on 
low-rise building roofs based on the partial-turbulence approach. To achieve this, wind 
tunnel tests were conducted for 4 low-rise models with gable and hip roofs, and roof 
slopes of which range from 5:12 to 12:12. The performance of the QS vector model on 
sloped roofs was examined. A statistical model was developed to account for the roof 
surface pressures that are induced by body-generated turbulence, and a peak-prediction 
model was developed based on that. The main findings are concluded in this section.  
One major issue of the QS-based approaches is to determine the location of velocity 
measurements. It should not be too close to the building surface in order to minimize the 
disturbance of the model on the velocity field, but the correlation between measured 
velocity signals and roof surface pressures can drop significantly as the distance 
increases. Therefore, there is a trade-off. In this study, the locations of velocity 
measurements of the QS vector model have been selected as 1H above the midpoint of 
the ridges of the gable and hip roofs, where H denotes the mean roof height. Compared to 
the locations closer to the roof surfaces, the velocity measured at this point is less 
affected by the appearance of the building model, while the correlation between the 
measured velocity and surface pressures only drops a little. Therefore, this location is 
believed to be a relatively good representative of the upstream and suitable for the QS 
vector model. The QS vector model using velocity measured at this location provides 
reasonably good predictions for pressure fluctuations of the high suction zones on the 
leeward side of the 12:12 gable roof, but underestimates it significantly on the windward 
side, which can be attributed to the severely increasing of turbulence intensity of the 
velocity fields close to the windward roof surface. Since the mean pressures on the 
windward face is positive with a relatively small magnitude, it is usually less of a concern 
in design compared to the suction regions due to flow separation. Thus, this measurement 
location is acceptable in this thesis.  
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A modified method of obtaining QS functions is proposed in chapter 3 using a 
conditional-averaging technique. Compared to the traditional iteration method, the 
proposed approach is more straight-forward mathematically and requires less amount of 
data and wind tunnel time. Effects of wind elevation angle on QS coefficients can be 
effectively captured, by either assuming a linear relationship or creating discrete curves 
for different elevation bands, but the latter one requires a larger amount of data. 
Comparing the QS functions obtained using the modified method and the iteration 
method, differences can be observed at curve peaks due to the “smoothing effect”, but the 
difference is within measurement uncertainty.  
The performance of the QS vector models is found to be closely related to the 
aerodynamics of the target panels on roof surfaces. The surfaces of sloped roofs can be 
summarized as 4 basic regions for wind approaching perpendicular to the ridges: 
 Region 0: Portion of low suction region behind leading edge of the flat roof under 
the separation bubble.  
The QS vector model works much better here than any locations on sloped roofs.  
 Region 1: suction regions under separation bubbles on sloped roofs. Example: 
area on flat roof between region 0 and the reattachment point; back side of gable 
and hip roofs behind ridges; left and right side of hip roofs behind hip lines.  
The QS vector model works reasonably well.  
 Region 2: regions that are governed by flow reattachment and negative mean 
pressure. Example: back half of the flat roof; portions of front side of the middle 
sloped (5:12) gable and hip roofs. 
The QS vector model works less well.  
 Region 3: regions governed by attached flow with mean positive pressures. 
Example: front side of the high sloped (12:12) gable and hip roofs. 
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The QS vector model underestimates fluctuation energy of the pressure signals 
significantly, although the correlations between measured and predicted pressures 
are good.  
For uplift coefficients of the entire roof, the performance of the QS vector model can be 
explained as a combination of the previous regions. It works better when the overall loads 
are controlled by flow separation and the magnitude of uplift is large. In general, the QS 
vector model works much better on flat roof than on sloped roofs. The second best is the 
low-sloped (5:12) hip roof. For those 2 roofs, the performance of the QS vector model 
barely changes with wind directions. The high sloped (12:12) roofs are, however, highly 
dependent on nominal wind directions for the QS model, basically due to region 3 on 
windward faces, which reduces the magnitude of overall suction loads and weakens the 
strengths of QS models. For example, for the 12:12 hip roof, the QS vector model works 
fine when the nominal wind direction parallel to the ridge since the overall uplift is 
controlled by suctions due to flow separation at the leading edge, but it works less well 
when the nominal wind direction perpendicular to the ridge due to the effect of region 3 
on the windward side face. As for the effects of terrain conditions, the performance of the 
QS model can be improved by increasing the turbulence intensity. Therefore, it is 
believed that QS vector models are more suitable for highly turbulent environments.  
An important assumption of the partial-turbulence approach is that the fluctuations of 
surface pressures on low-rise roofs are controlled by 2 separate mechanisms: gusts from 
the incident flow control the large-scale fluctuations and can be captured by QS theory, 
and the body generated turbulence controls the small scales. Therefore, a key issue is to 
determine the boundary between these 2 mechanisms. The smallest length scale that the 
QS vector models can reach is found to be about 5H for sloped roofs, which is consistent 
with the flat roof. At scales smaller than 5H, the correlation between pressure signals 
predicted from the QS model and measured data drops to minor. Application of the 
frequency filter to the velocity signals at the cut-off length of 5H can improve the 
performance of the QS vector model, which is also valid for both the flat roof and the 
sloped roofs. The largest scale that affected by body-generated turbulence is found to be, 
however, about 30H. This indicates that at scales between 5H and 30H, the pressures on 
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roof surfaces are affected by both mechanisms, and decoupling of these 2 pressure 
components cannot be perfectly achieved by frequency cut-off. In this thesis, the cut-off 
length for pressure decomposition is selected as 30H, as the correlation coefficients 
between the 2 components drop to the lowest at this scale. The pressure component 
induced by body-generated turbulence (𝑝𝑙𝑜𝑐𝑎𝑙) obtained using this cut-off length is surely 
affected by the large-scale gusts, but it turned out that this is sufficient for a practical 
model in this thesis.  
The CDF functions of 𝑝𝑙𝑜𝑐𝑎𝑙 are found to be dependent on both wind directions and 
terrain conditions. For a panel located at region 1, it is found that these differences can be 
minimized by normalizing it with the turbulence kinetic energy and the QS coefficients. 
After normalization, the 𝑝𝑙𝑜𝑐𝑎𝑙 takes the non-dimensional form, R. The CDF functions of 
R from different models yield to roughly 1 single curve, regardless of the roof shape, 
location, and panel size, with difference only exist at the very tail, as long as the panel 
falls in region 0 or 1. A statistical model is fit to represent it with a 3-parameter T-scale 
distribution. This model is, however, invalid for point pressures.   
Terrain effects on QS functions are found to be insignificant for sloped roofs, and a 
function obtained using combined data from all terrains is found to work reasonably well. 
Thus, a method is then developed to estimate peak pressure coefficients by combining the 
QS vector model with the statistical model using a Monte-Carlo approach. This method is 
valid across terrains and roof shapes. For cases that the statistical model works, i.e., loads 
are controlled by suctions due to flow separation, the results of prediction match the 
measured data reasonably well, which is much better than a pure QS vector model. For 
whole roof uplift, the model tends to be conservative and the peak loads can be 
overestimated up to 20%, while for mid-sized panels (e.g., quarter roof panels), the 






7.2 Recommendations for future research 
The QS vector model developed in this thesis works fine for low suction zones on low-
rise roofs, but it fails to capture the pressure fluctuations on windward faces of the 12:12-
sloped roofs, which can be attributed to the disturbance effect of the building on velocity 
field close to the windward surface. In fact, by using velocity measured near the 
windward leading edge instead of 1H above the ridge, the predicted standard deviation 
Cp can be much better. This suggests that it requires at least 2 velocity measurement 
locations to build QS models that work for both windward and leeward faces of the high 
sloped roofs. However, it will be challenging to perform velocity measurements close to 
the roof surfaces without disturbing the pressure fields. This will be worth attention for 
future researches.  
The statistical model of the non-dimensional coefficients, R, is valid for area-averaged 
panels but not for point pressures. In this thesis, the smallest panel that this model holds 
has a dimension of 1/3 of the roof width. More study needs to be done to set a boundary 
for the panel sizes for the application of this model.  
The partial-turbulence method for estimating peak pressures is developed based on data 
from boundary layer terrain conditions, but it has the potential to be extended to tornado-
like wind fields, since the QS vector model can deal with velocity signals with rapidly-
changing directions, and the statistical model for body-generated turbulence can work 
cross terrain as well. However, it is questionable whether the mechanism that body-
generated turbulence affects roof pressures keeps unchanged under those conditions. 
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Appendix A: Comparison of mean pressures on sloped roofs with data from 
literature 
Mean Cp contours of gable and hip roofs are compared with data taken from Gavanski et 
al. (2013). Pressure coefficients are referenced to mean roof height. The data measured 
by tests from this thesis is shown on the left side and labeled as (a), and the data from 
Gavanski et al. (2013) are shown on the right side and labeled as (b). Data are from O0 
terrain and from 3 nominal wind directions: parallel to the ridge (90o), perpendicular to 
the ridge (0o), and from oblique direction (50o).  
 
 
Figure A 1: Mean Cp contour of the 5:12 gable roof for (a) tests from this thesis and 




Figure A 2: Mean Cp contour of the 5:12 gable roof for (a) tests from this thesis and 
(b) data from Gavanski et al. (2013), O0 terrain, nominal direction 50o. 
 
 
Figure A 3: Mean Cp contour of the 5:12 gable roof for (a) tests from this thesis and 




Figure A 4: Mean Cp contour of the 12:12 gable roof for (a) tests from this thesis 
and (b) data from Gavanski et al. (2013), O0 terrain, nominal direction 0o. 
 
 
Figure A 5: Mean Cp contour of the 12:12 gable roof for (a) tests from this thesis 





Figure A 6: Mean Cp contour of the 12:12 gable roof for (a) tests from this thesis 
and (b) data from Gavanski et al. (2013), O0 terrain, nominal direction 90o. 
 
 
Figure A 7: Mean Cp contour of the 5:12 hip roof for (a) tests from this thesis and 




Figure A 8: Mean Cp contour of the 5:12 hip roof for (a) tests from this thesis and 
(b) data from Gavanski et al. (2013), O0 terrain, nominal direction 50o. 
 
 
Figure A 9: Mean Cp contour of the 5:12 hip roof for (a) tests from this thesis and 





Figure A 10: Mean Cp contour of the 12:12 hip roof for (a) tests from this thesis and 
(b) data from Gavanski et al. (2013), O0 terrain, nominal direction 0o. 
 
 
Figure A 11: Mean Cp contour of the12:12 hip roof for (a) tests from this thesis and 




Figure A 12: Mean Cp contour of the 12:12 hip roof for (a) tests from this thesis and 




Appendix B: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 and 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for all different terrains and 
nominal wind directions 
 
Figure B 1: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 2: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B-3: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 




Figure B 4: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 5: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 6: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 7: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 8: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 9: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 10: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 11: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 




Figure B 12: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 13: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 




Figure B 14: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 




Figure B 15: Contours of 𝑪𝒐𝒓𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 




Figure B 16: Contour of 𝑺𝒅𝒕𝒓𝑸𝑺,𝒎 for (a) flat, (b) 5:12 gable, (c) 12:12 gable, (d) 5:12 
hip, (e) 12:12 hip roofs, nominal wind direction 90o, S15 terrain. 




Appendix C: 𝑺𝒓𝒕𝑸𝑺,𝒎 and 𝑪𝒉𝒇𝑸𝑺,𝒎 functions of the whole roof uplift for all terrains 
and nominal wind directions. 
 
Figure C 1: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients for 
five roofs, nominal wind direction 45o, F0 terrain. 
 
Figure C 2: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients for 




Figure C 3: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients for 
five roofs, nominal wind direction 45o, O0 terrain. 
 
Figure C 4: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients for 




Figure C 5: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients for 
five roofs, nominal wind direction 45o, S15 terrain. 
 
Figure C 6: (a) 𝑪𝒉𝒇𝑸𝑺,𝒎 (b) 𝑺𝒓𝒕𝑸𝑺,𝒎 functions of the whole roof uplift coefficients for 
five roofs, nominal wind direction 90o, S15 terrain. 
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